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ABSTRACT  

 

The world is becoming uneven, and the competition is becoming more and more baking in a variety 

of domains. On one hand, to survive in such a competitive world, it is quite necessary for an industry 

to have a whole understanding of its competitors‟ status. This paper deals with mining comparative 

reviews from web to find competitors status by finding their strength and weakness of products 

services at aspect level. The proposed work is based on three observations from web sentences: 

Initially, the task is to extract comparative reviews from web to generate product category based 

clusters of reviews items, identify the aspect of the sentences, and subsequently determine the relative 

merits of each entity with respect to that aspect. We propose a generative model for comparative text, 

which jointly models comparative directions at the sentence level, and ranking at entity level. This 

model is tested on Amazon dataset with good empirical outperformance over pipelined baselines. 

Keywords: Comparative sentence mining, Aspect Identification, Entity Ranking, Business 

Intelligence. 

INTRODUCTION 

 

In this universal era of financial systems, commerce surroundings are become more confused 

and the vagueness faced by industries augmented has risen tremendously. As the world is becoming 

more and more spirited, it is essential for each one to manage with it to endure competitiveness. On 

one hand, to stay alive in such a spirited globe, it is somewhat compulsory for a business to have a 

complete knowledge about its competitors‟ position (Friedman, 2005). To gain sustainable 

competitiveness in commercial surroundings, industries require adapting to their settings and 

mounting spirited cleverness that assists industry to make vital constructive judgment. So, it is 

necessity for companies to analyze public opinion from web to know the strength and weakness of 
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their products. Though human beings are the mastermind behind these technological growths of 

networking, computerized world exceeds human knowledge and capability. The existing search 

engine failed to extract and summarize the semi structured or unstructured reviews from the web, 

(Jiawei Han Kevin Chen & Chuan Chang, 2002). In the proposed work, we seek to mine them to 

assist consumers in comparing entities. Thus, consumers can benefit from the wisdom of the crowd in 

determining the relative quality of entities, from users‟ vantage point. For comparison mining, the 

basis for comparison is a comparative sentence about two entities (Jindal &Liu, 2006). The following 

example compares Mac Book G4 model versus Mac Book Air model in terms of image quality: “The 

clarity of Mac book air is better than Mac book G4 model. Though air versions sharper than G4 model 

the images are not soft” One user provides a common benchmark and context in comparing two 

entities. Table 1 shows several more examples for two pairs of laptops. To maintain focus, we deal 

with sentences involving two entities. From sentences s1 to s3, we observe some variance in terms of, 

which entity is considered better, and the words used to express the comparison. Sentences s4 and s5 

gives examples for different entities and aspect. From a corpus of comparative sentences, relating 

pairs of entities in a domain (e.g., Smartphone), we derive the comparative relations among the 

entities, i.e., between any two comparable entities. The input corpus of comparative sentences may be 

obtained from user-generated content expressing user preferences, such as reviews (Tkachenko & 

Lauw, 2015), through comparative sentence identification. In addition, comparative relations have to 

be studied in the context of each aspect. For instance, if one laptop is lighter than another, it does not 

necessarily imply that it would also have a better image quality. Moreover, the words used to express 

superiority or mediocrity varies across aspects. While “higher” may connote positively for 

functionality or image quality, it may connote negatively for price. 

     TABLE 1 

Examples of Comparative Sentences about Laptops from Amazon.Com 

Entities ID Aspect Comparative Sentences 

Mac book G4 S1 Battery I am surprised to see that the battery on the Mac book G4 

is better than Mac book Air versions. 

Mac book Air S2 Image quality The clarity of Mac book air is better than Mac book G4 

model. Though air versions sharper than G4 model the 

images are not soft. 

Macbook Pro S3 Functionality Felt amazing seeing pro than Mac book air. Pro is better 

than air for coding and graphics 

Air Vs Pro S4 Form Factor I preferred air over pro because its weight. 

Mac book over 

Dell  

S5 Price The apple IMAC versions are costlier than Dell. 
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In this paper, we propose an integrated approach to exploit the synergy owing to the inherent 

relation between sentence-level and entity-level comparisons. Intuitively, if one entity is indeed better 

than another, we would expect that many comparative sentences would compare the former favorably 

to the latter. Thus, knowing which entity is better helps to determine the comparison in a sentence, 

and vice versa.  

    

(a)                                                            (b) 

 

 

(c) 

   Fig. 1 Comparison Graph based on Table 2 

 

We now illustrate this important intuition with a mock-up example in Fig. 1 involving are the 

6 sentences shown in Table 2, concerning 5 entities {e1, e2, e3, e4, e5}. Let us assume the meaning of 

the first four sentences {d1, d2, d3, d4} with the word “smaller” is already known. For form factor, 

“smaller” is better. That will allow us to confidently rank some pairs, by drawing a bold directed edge 

from the worse entity to the better entity, e.g., from e2 to e1, since “e1 is smaller than e2”. Fig. 1a 

show the comparison graph constructed from these “known” sentences. From here, we could make 

further inferences to answer another couple of questions. One is which among e4 or e5 is better, since 

there is no clue from the bold edges alone. Another is the meaning of the last two sentences, since we 

have not yet understood the meaning of “thinner”. Considering these two questions separately does 

not offer an answer. However, jointly they allow us to arrive at an answer for both. Since e1 e2 

e3, by transitivity, we can infer that e1 e3, and update the comparison graph with the dotted 

arrow as in Fig. 1b. In turn, if e1 e3, the interpretation of “e1 is thinner than e3” can be inferred, 
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i.e., “thinner” implies that the first mentioned entity is better. This allows us to parse the last sentence 

to infer that e4 e5 (dotted). We thus can recover the correct rank order e1 e2 e3 e4 e5 (see 

Fig. 1c).  

     TABLE 2 

Illustrative Corpus 

ID Training Sentence ID Testing Sentences 

d1 e1 is smaller than e2 d5 e1 is thinner than e3 

d2 e2 is smaller than e3 d6 e4 is thinner than e5 

d3 e3 is smaller than e4   

d4 e4 is smaller than e5   

 

We leverage on the above intuition to build a joint model for learning the comparative 

relations among entities, both at the sentence level and the entity level. We make the following 

contributions. First, we propose an integrated approach for comparative relation mining, which is 

novel compared to the pipelined approaches. Second, we design a generative model, which stands for 

Comparative Relation Generative Model. Where (Tkachenko & Lauw, 2014) deals with a single 

aspect, we now accommodate multiple aspects, partially supervised. Finally, we rank entities through 

a continuous range of rank scores for each aspect. The new inference algorithm, variation method 

accommodates multiple aspects. We show that proposed works outperforms the pipelined baselines, 

underlining the utility of integrated approach for comparative relation mining. 

 

RELATED WORK 

 

Our focus is on mining comparative relations, pioneered by (Jindal & Liu, 2006). It is 

traditionally studied as two separate levels. At the sentence level, the aim is to determine which entity 

being mentioned is better. Previous works use patterns (Xu and Liao, 2009), classification 

(Ganapathibhotla & Liu, 2008), or “pros” and “cons” in reviews (Cortes & Vapnik, 1995). Since 

classification is more recent and general, we use two classifiers as baselines: Support Vector Machine 

(SVM) (Hall & Frank, 2009) and Naive Bayes (NB) (McCallum & Nigam, 1998), as implemented in 

Weka (Nigam & McCallum, 2000), using the same features described in Section 3. Where 

unsupervised learning is concerned, we employ Expectation Maximization to estimate Naive Bayes 

model (EM-NB) (Zhang & Guo, 2013). At the entity pair level, the objective is to determine which of 

the two entities is better overall (Li, et al.). One way is aggregating sentence-level comparisons into 

an overall ranking of entities via Page Rank (Bradley, Terry, 1952). This was previously shown in 

(Jindal & Liu, 2006) to be inferior to another baseline Bradley-Terry- Luce (BTL) model (Luce, 

1959), (Rasch, 1981), which is a form of latent ability model (Elo, 1978), (Herbrich et al., 2007), (Liu, 
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2009). BTL shares a similar sigmoid-based probability as our model. The key difference is that in our 

case the outcomes are latent and unknown, and need to be learned from text. This synergy between 

competition modelling and generative modelling of text is novel. Learning to rank (Feldman et al., 

2009) can be applied to rank previously unseen entities based on their features. However, in our study, 

entities are not represented by entity-specific features, but rather by their relations to other entities via 

comparative sentences. Comparative relations are based on mining a corpus of comparative sentences. 

Once the comparative sentences have been identified, (Kessler & Kuhn, 2013), the next task is to 

extract the entities being compared within each sentence (Ding e al., 2009), and to resolve mentions of 

the same entity across sentences (Cambria, 2016). These tasks are orthogonal, and yet complementary 

to our problem. We discuss how we deal with these issues in Section 6.1. The feature distributions of 

EntityRankModel are related to topic modelling (Blei, 2003). In our case, “topics” correspond to the 

comparison outcomes (not an arbitrary number of topics), the distribution is over features (and not 

over words), and the primary mechanism for learning is the comparison model in addition to feature 

co-occurrences (and not word co-occurrences alone). Comparison mining is related to sentiment 

analysis (Poria, 2015), which aims to identify and interpret subjective information from opinionated 

texts. Polarity detection is a building block for sentiment analysis, distributing excerpts into positive 

or negative sentiment classes (Liu & Zhang, 2012). Different from comparison mining involving pairs 

of entities, aspect-based opinion mining focuses on study of sentiment polarity and emotions that 

people express on individual items (Popescu & Etzioni, 2007). Often words or phrases bear 

information about aspect discussed in the sentence (e.g., image quality, size). Thus, the basic 

approaches to aspect extraction employ frequency analysis in order to locate the salient nouns (Jakob 

& Gurevych, 2010). The supervised labeling methods (Paul & Girju, 2010) are widely adapted for 

aspect extraction. Due to diversity in the ways one can introduce the aspect in text, some proposed 

topic modelling based approaches (Sipos & Joachim‟s, 2013). There are also works that model the 

correlation between topics and user ratings (Kim and C. Zhai, 2009). Comparative summarization 

addresses the problem of summarizing two (or more) separate corpora in terms of a comparison. This 

is a different setting from ours, where each pair of entities is compared within a sentence. 

 

One formulation of comparative summarization is sentence alignment, which selects pairs of 

sentences (one from each corpus), so that each pair of sentences describes the same “aspect” (Paul et 

al., 2010). In some cases, it is desired that sentences within a pair are contrastive (Zhai et al., 2004). 

Another formulation of comparative summarization is comparative topic modelling, to identify 

different “viewpoints” of a topic (Yang, et al). Competitor mining deals with identifying the set of 

competitors of a given entity, by finding relationships (Lappas, et al., 2012) or similarities among 

entities (Fagin, et al.,2004). The Co-miner algorithm (Shenghua Bao, et al., 2008) failed to interpret 

more sentences from web; since only a few patterns used for identifying comparative opinion 

sentences from web. Some studies adopted an alternative approach by exploiting news documents and 
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network analysis for the discovery of competitor networks (Gautam Pant, et al., 2010). The major 

limitation of this approach is that the quantity and quality of training data affect the system 

effectiveness greatly. Distinguishing collaborators from the competitors and determining the strength 

of relationship (Chin-Sheng Yang, et al., 2011). The data set is limited due to lack of sources in paper 

news. A novel relation based feedback method that can utilize the pseudo relevant entities to better 

capture the relation between two entities (Xitong Liu, 2011). The method suggested three web metrics 

for the purpose of competitor identification. However, these metrics do not try to identify specific 

types of pages   on company websites such as those describing products or partners. 

 

PROBLEM STATEMENT 

 

The web information helps business people to identify their relevant competitors‟ strength and 

weakness of their products services.  The baseline system co-miner had ability to mine and ranks the 

competitors, find the competitive domain and evidence of a pair of competitors. But, the system does 

not give adequate knowledge about who is best among the competitors. This exhibits failure of doing 

sentiment analysis. However, the coverage of the co-miner may not be sufficient for competitor 

extraction due to lack of recognition capability of Hearst approach. Moreover, the state –of –art 

approaches is to solve them as a pipeline, by first determining sentence-level comparisons, and then 

aggregating them into entity-level comparisons. Not only is this fragmentation unnecessary, but it 

could also be detrimental when errors from one level propagate to the next.  

 

Problem Formulation: We consider a set of entities E (e.g., laptop) as input. For each pair of entities 

ei; ej € E, Sij denotes the set of comparative sentences involving ei and ej. Some pairs may not have 

any comparative sentence, if they are never compared by any user, i.e., Sij = 0;. The union is denoted 

S = U ei;ej €E Sij.  We will describe how S can be obtained from a corpus of reviews in Section 6.1. We 

derive the comparative relation between any two entities ei or ej. Using the example of Mac book G4 

and Mac book Air and Pro in Table 1, we see that s1 and s2 favours Mac book Air in term of 

sharpness, but not on images, whereas s3 favour Mac book pro model. There is slightly more evidence 

that Mac Book pro is better in image quality. The more evidence there is, the more confident we 

would be. The aspect a € A of a comparison (e.g., image quality) is to be derived, where A denotes a 

set of possible aspects. We assume a sentence that belongs to only one aspect. S ija denotes a set of 

comparative sentences on aspect a involving entities ei and ej. To capture the notion of aggregative 

“quality”, we associate each entity with an aspect-specific rank score ria € R. ei is “better” than ej on 

aspect a if ria > rja. This rank score is latent, and needs to be learnt. With the notations in place, we are 

now ready to state our problem formally, as follows. 

Given a set of entities E and the associated corpus of comparative sentences S, find: 

- For every sentence s € S, its aspect a, 
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- For every sentence s € S about a pair of entities ei and ej, the comparative direction, i.e., 

whether ei or ej is favored by s,  

- for every entity ei € E and every aspect a €A, the rank score ria of the entity. 

 

MODEL 

We first discuss feature modelling for comparative sentences, and then describe our Entity Rank 

model. We may refer to sentences s1 _ s3 from Table 1 for illustration. 

Bag of Features 

The convention of modelling a document as a bag of words (McCallum & Nigam, 1998) is 

not appropriate for comparative sentences. Recognizing the favoured entity in a comparative sentence 

is challenging due to complex sentence structure, whereby word order now becomes important. 

Consider the comparative sentence: “The Mac Book Pro is sharper than Mac Book Air”. Bag of words 

allows the order between Pro and Air to be swapped exchangeable. In fact, swapping those two words 

would change the meaning of the comparison completely. We distinguish whether a word appears 

before the first mentioned entity, or in between, or after the second mentioned entity. For example, the 

word “sharper” may translate to a feature {#1 sharper #2}, where #1 and #2 refer to first-and second-

mentioned entities. We model each comparative sentence s as a bag of features, where each feature w 

is drawn from a vocabulary of features W. The bag representation maintains the feature frequencies 

within each sentence. The complete representation for the considered comparative sentence follows: 

{(the #1 #2), (#1 is #2), (#1 sharper #2), (#1 than #2), (#1 my #2). 

Generative Model 

Generating Features We first observe that within a corpus, there are sentences that belong to 

different aspects (e.g., image quality, functionality), but frequently each sentence focuses on one 

aspect. Each sentence s is associated with one of | A | aspects using a categorical distribution π 

over A. Furthermore, some features provide information on background words or words that 

encode the relevant aspect (e.g., "surprised", "images", "detailed"). We therefore introduce for each 

aspect a, background distribution , which defines a distribution over common features. Others 

are helpful in discovering the comparison outcome, whether a sentence favors the first-mentioned 

entity (e.g., "sharper", "more") or the second (e.g., "heavier"). We introduce two more feature 

distributions. is a distribution over features when the first-mentioned entity is favored. Features 

involving "better", "sharper" have higher probabilities.  is for when the second-mentioned entity is 

favored. Every feature in a sentence is associated with binary variable  indicating whether the 

feature is drawn from the background distribution , or from one of  or . Every  is a 

sample of the Bernoulli distribution with parameter , which can be understood as the expected 

proportion of common features. 
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Fig. 2. Compare Gem in plate notation. 

 

Comparison Outcome Each sentence s expresses a comparison outcome involving two entities (say ei 

and ej). Which of  or  is used to draw the comparative features in a sentence is indicated by a 

variable cs  { }. The event cs  means the first-mentioned entity is favored, whereas cs  

means the second-mentioned entity is favored. For simplicity, we do not model a draw, which 

would not influence the ranking between the two entities. We now can specify the distribution 

over sentence feature, as follows: 

 

P( ) =  

=                    (1)
 

Where I[.], an indicator function, equals 1 when its condition is true, and 0 otherwise.
 

 

The outcome of cs depends on an underlying distribution. We associate each entity E with 

a rank score ia that reflects the quality of  with respect to aspect a. Intuitively, the higher  is 

than , the higher is the probability that a comparative sentence favors . One suitable 

probability function is sigmoid, as in (2), supposing the first-mentioned entity is  and the second-

mentioned entity is . 

P(cs = 0| , )   = P(  is better than ej | ) 

    = (      (2) 

If  is significantly higher than  the probability would tend towards 1, reflecting ‟s 

much higher quality. If  =  the probability is 0.5, reflecting the uncertain outcome between 

two evenly matched entities. Conversely, if  is significantly lower than , the probability would 

tend towards 0. The parameter  models the sensitivity to the difference between two rank scores. If 

 is large, small differences in scores would have a high impact on the probabilities. 

    

 

  
 

 

 

 

 

 
  

 

International Journal of Pure and Applied Mathematics Special Issue

1874



9 

 

 

Generative Process EntityRankModel's plate notation is shown in Fig. 2, the notation is explained in 

Table 3. First, the model assigns each sentence s S to one of the |A| aspects. Once the aspect is 

assigned, two entities mentioned in the sentence can compete along the comparison dimension 

specified by the aspect, and we generate the comparison outcome (which entity is favored in s). 

Thereafter, based on the comparison outcome, we generate each feature s. 

 

TABLE 3 

Notations 

Notation Description 

 feature-related Dirichlet distribution parameter  

 aspect-related Dirichlet distribution parameter 

 Bernoulli distribution parameter 

 ranking score distribution parameters 

 background feature distribution for aspect  

 feature distributions for aspect  when the first-mentioned and the second-

mentioned entities are favored respectively  

 topic proportion 

 Feature 

 aspect of sentence  

           comparative direction of sentence  

           ranking score for entity  with respect to aspect  

 background indicator for feature in sentence  

 

The full generative process is as follows: 

1) For a given corpus, we sample n, an aspect proportion from the Dirichlet distribution
1 
: 

 

2) For every aspect, all  and  are sampled from the Dirichlet distribution with a 

prior: 

 

3) For each entity E and for each aspect  we sample rank score  from 

distribution with some parameter set , we will discuss the form of the distribution in 

Section 4:  

4) For every sentence  involving two entities  (first-mentioned) and  (second-
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mentioned): 

a) Sample the sentence aspect : 

  a_s ~ Categorical (π) 

b) Sample the comparison outcome : 

 

c) Sample  for each feature  in : 

    

d) Sample each  in sentence  using appropriate feature distribution, see (1): 

       

 As in Fig. 2, the only observed (shaded) variables are the features  within each 

sentence  All others are latent. The likelihood function of an assignment of scores 

 comparison outcomes aspects A = latent 

distributions over features  aspects , and background indicators 

H= is shown in (3). 

 

1) For detailed information on the distributions used in this study: Dirichlet, Categorical, and Bernoulli, please 

refer to [9]. 

 

 

= P(  II P(  II P(   

 II II P (   II II P ( |  

   II II P ( ) 

Once the model parameters are learned, we obtain the solution to the Problem 1 

defined in Section 2. 

We now illustrate how EntityRankModel captures the intuition of the integrated approach 

with only one aspect. We use the same corpus as before (see Table 2). The rank scores of 

entities are samples of some  distribution. A priori, we assume no difference among the 

entities. When sentences  are given for training, the scores of the entities should be shifted 
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to satisfy the corpus observation:  should be better than  is better than 

 etc. 

 

There are two interpretations for the test sentences. In one interpretation, we infer the wrong 

meaning of sentences  and  so the second-mentioned entity is considered better. This places  

before  and before (r3 > ). However, the last placement makes this ranking less 

probable, since it is in conflict with according to training sentences and . In 

the other interpretation, when  and  are correctly parsed, this contradiction is resolved. As  

is consistent with  and  the scores satisfying   give higher likelihood. 

Inference: There are two options in modeling the rank score distribution. One is to model it along a 

continuous spectrum, with a Gaussian prior for the distribution of  encode the prior belief that most 

entities are of "average" rank scores, while some are very high or low.  can be a Gaussian specified 

by its mean and standard deviation . The mean is assumed to be zero, a acts as a 

regularization parameter. 

Another option is to have a discretized model, with ranking steps in the scale of 0 to -

1. The prior can thus be\simulated by a binomial distribution Binomial (n- l, ), Where  

is the probability of success in a Bernoulli trial ( =0.5 for our model). This prior encodes 

the same information as a Gaussian, shrinking the rank scores towards the mean. 

Both approaches
/
for rank score modeling/are acceptable. The use of a particular model can 

come from the specific tasks and needs. Due to the difference in mathematical formulations, these 

two models call take' advantage of different optimization methods. Variational method is 

employed to fit the model with continuous rank scores. Gibbs sampling is used to maximize a 

posteriori (distribution over the hidden variables when discrete model is assumed. 

 

Continuous Model via Variational Method 

 

Variational approximation can be used to solve complex Bayesian models. To make the 

posterior distribution tractable for computation, one can assume a family of distributions over 

the hidden variable with its own parameters. The approximate distributions are denoted q(.). The 

lower bound optimization of the likelihood can be performed. For Bayesian model, the factorized 

form of a distribution stemming from the mean field theory has been used with great success. We 

assume that every hidden variable has its own distribution, which is independent from the others:

   

II q(       (4) 
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Since the priors for the rank scores R are not conjugate, direct computation may not be 

tractable. We assume a parametric form of q(R) = q(R| ): 

 q (R| ) = II q ( | ) = II II       (5) 

Ra = denotes the set of aspect-specific rank scores. Though aspect-specific 

factorization is not necessary, rank scores are assumed independent. This factorization is 

employed for parameter optimization. An indicator probability function put the whole probability 

mass to the value specified by parameter set R. 

Let  be the set of the hidden variables. q( ) denotes a probability density function for 

variable . Once approximation distributions are specified, we can run Variational Method to 

estimate and optimize model parameters. To find that maximizes the lower 

bound given  fixed, the following equation has to be solved: 

 , Where 

                                         (6) 

We work with (6) in logarithmic form: 

          (7) 

Taking into account the fact that constant  can be obtained through normalization, we can 

drop it in our notation. Instead of Equation (7) we write: 

            (8) 

We iteratively estimate required distributions in a round robin manner. The update 

procedures are shown below. denotes the digamma function. [s]l is the index of the first-

mentioned entity in sentence s, [s]2 is the index of the second-mentioned entity.  

n  , Where                            (9) 

 

=a) +                         (10) 

 

    , Where                    (11) 

     (12) 

 

 

 

   

^ 

^ 

^ 
^ 
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  , Where                 (13) 

    (14) 

 

        

      

+   

 

     (15) 

 

 

 

+ ) 

 

+ ) -  

 

+           (16) 

 

 

 

) -       (17) 

 

Estimating  To update R, we compute evidence lower bound  of the log likelihood and 

maximize it via gradient ascent. The form of  allows us to update all the parameters at a 

^ 

^ 

^ 

  

 

  

 

 

   

  

 

 

 

 

^ ^ 

^ ^ 
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time. The form of  makes it possible to update the parameters independently for every aspect 

 i.e., Ra. The lower bound is computed up to an additive constant, which can be ignored for 

optimization purposes: 

 

+  

 

 

 

      (18) 

 

equals to 1, when c=  and to -1 otherwise. The derivative w.r.t.  for and 

 

 

 

 

     (19) 

 

Equations (18) and (19) may seem similar to the Bradley-Terry-Luce model, but with significant 

differences due to the uncertainties for aspect and comparison outcome, as well as a Gaussian 

prior on rank score. 

 

The time required by each iteration scales linearly with the corpus size;  The gradient 

descent step requires Where  is the number of iteration until convergence.  depends 

on the properties of an individual dataset and optimization parameters, in practice the procedure 

converges fast, and  reduces from on iteration to another. 

 

 

 

^ ^ 

 

^ 

^ 
^ ^ 

^ 

  

^ 
^ 

^ ^ ^ ^ 
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EXPERIMENTS 

 

Our focus here is on effectiveness, rather than efficiency. All experiments were conducted on a PC 

with Intel Core i5 CPU 3.3 GHz and 12 GB of RAM. 

Datasets 

The corpus of comparative sentences S can be obtained from user evaluation of pairs of 

products. We crawled reviews from the laptop and Smartphone categories of Amazon. The latter was 

augmented with data constructed by (Tkachenko & Lauw, 2015), which in turn was based on corpus 

presented in (Kessler & Kuhn, 2014). We describe a methodology we used for extracting comparative 

sentences from reviews. For practical purposes, off-the-shelf approaches are available (Tkachenko & 

Lauw, 2015). There are four key information to determine: whether a sentence is comparative, the 

entities being compared, the comparison direction, and the aspect of interest.  

 

Comparative Sentence & Aspect Identification Our scope covers sentences containing two entities. 

For Laptop, we pick the five most frequent aspects: functionality, form factor, image quality, price 

and battery. Smartphone is represented by the general aspect of overall quality, due to the lack of a 

meaningful volume of comparative sentences for more specialized aspects. We take a random sample 

of sentences and manually label them for comparative sentence identification and aspect 

identification. We train a comparative sentence identification classifier, and apply it to the remaining 

sentences, followed by manual inspection to remove false positives to ensure a high quality of the 

dataset.  

TABLE 4 

Dataset Sizes for Smartphone 

Dataset Sizes 

Smartphone/Aspects #Sentences Entity 1 is Favoured (%) Entity 2 is Favoured (%) 

Functionality 526 33.5 64.5 

Form Factor 84 62.3 37.7 

Price 225 54.1 45.9 

Image Quality 172 56.4 43.6 

Battery 256 52.1 47.9 
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TABLE 5 

Entity Ranking for Smartphone 

 

 

Domain/Aspects 

Laptop 

Rank1 Rank2 Rank3 

Polarity Value 

Positive Negative Positive Negative Positive Negative 

Functionality 91% 1% 12% 74% 3% 77% 

Apple Iphone Apple Iphone Apple Iphone 

Form Factor 86% 12% 80% 16% 72% 26% 

Apple Iphone Lenovo Samsung 

Price 78% 6% 70% 13% 60% 30% 

Samsung Lenovo Sony 

Image Quality 90% 4% 78% 16% 77% 18% 

Apple Iphone Sony Lenovo 

Battery 85% 2% 69% 14% 64% 17% 

Apple Iphone Samsung Sony 

 

Entity Recognition & Linking There is no ready-made named entity recognition (NER) system for 

the domain we are considering. Therefore, we employ a dictionary matching approach that works well 

in tying the mentions of an object together. We construct the dictionary of entities from product titles, 

which we employ to perform token-based partial matching search. Then, sentences are manually 

reviewed. This works well for cameras, but not for cell phones due to many generic references (e.g., 

it, this phone, etc.). As co-reference resolution is manually time-consuming and difficult to automate, 

we will use the Cell Phone dataset in a pseudo-synthetic scenario replacing mentions with artificial 

entity tokens (see Section 6.3.3). Table 4 shows the dataset properties.  

 

TABLE 6 

Dataset Sizes for Laptop 

Dataset Sizes 

Laptop/Aspects #Sentences Entity 1 is Favoured (%) Entity 2 is Favoured (%) 

Functionality 427 31.5 66.5 

Form Factor 112 60.3 39.7 

Price 257 52.1 47.9 

Image Quality 220 51.4 48.6 

Battery 173 56.1 43.9 
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TABLE 7 

Entity Ranking for Laptop Domain 

Domain/Aspects Laptop 

Rank1 Rank2 Rank3 

Polarity Value 

Positive Negative Positive Negative Positive Negative 

Functionality 96% 2% 14% 76% 5% 79% 

Mac Book Mac Book Mac Book 

Form Factor 90% 10% 76% 24% 72% 28% 

Mac Book DELL HP 

Price 94% 6% 82% 18% 78% 22% 

ACER DELL HP 

Image Quality 90% 10% 78% 22% 76% 24% 

Mac Book HP Lenovo 

Battery 92% 8% 86% 14% 78% 22% 

Mac Book HP DELL 

 

The number of products being compared for Digital Camera is 180. The four aspects respectively 

have 457, 78, 129, and 165 comparative sentences. Cell Phone is represented by 544 sentences. The 

distributions between the two classes (whether the first-mentioned (#1) or second-mentioned (#2) 

entity is favoured) are relatively well-balanced. These data sizes are significant, in light of the need to 

carefully annotate the data, not just with labels, but also with ranking benchmarks. These datasets are 

also larger than that used in the previous work on entity ranking. 

 

Entity Ranking Benchmarks 

Because there is no definitive ranking ground truth, we use two benchmarks that together 

provide a more complete picture. Their sizes are presented in Table 5.  

Specification Benchmark The intuition is that users‟ preferences can be traced to some specific 

attribute of the entities. We collect product specification information from dpreview.com4 and 

wikipedia.com. For form factor, we say that entity ei is better than ej if both the volume and weight of 

ei are smaller than those of ej. For functionality, the entity with the later release date is better, 

assuming that the newer model is more functional (comparison is only within product lines). To 

ensure that the functionality has indeed changed, we only consider differences of more than one year. 

For price, we consider the lower price to be better. To be conservative against price fluctuations, we 

only consider differences of more than 1000USD. There are 291 entity pairs for functionality, 5836 

pairs for form factor, and 1479 pairs for price. After pruning the pairs whose ranking cannot be 
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inferred from data, it contains 171, 110, and 103 pairs from functionality, from factor and price 

respectively. It is not defined for image quality and Cell Phone, for a lack of corresponding 

knowledge base. 

 

Evaluation Tasks and Metrics 

We evaluate the performance of EntityRankModel along three dimensions, as follows.  

Comparative Direction Classification All the competing algorithms are given a set of labelled 

(training) and a set of unlabeled (test) data. Each algorithm identifies the favoured entity for each 

comparative sentence in the test data. One can see this essentially as a binary classification problem. 

To measure the performance of an algorithm, we calculate its classification accuracy, i.e., the fraction 

of correctly classified sentences.  

Entity Ranking Model We also want to assess the quality of ranking scores produced by the 

competing algorithms. It is not always feasible to have a ground truth in the form of a rank list, 

because some pairs may not be comparable. We assume that the ground truth has the form of a set of 

entity pairs X, where the favoured (higher-ranked) entity for each pair in X is known. We transform 

the output ranking scores into a set of ordered pairs Y, which we compare in terms of its agreement 

with the ground truth X. As metric, ranking accuracy is the agreement between the ground truth X and 

the output Y in terms of the fraction of concordant pairs over all pairs in the intersection, expressed as 

a percentage. It is closely related to Kendall‟s tau (Fagin, et al, 2004). Whereas Kendall‟s tau is 

defined for the totally ordered sets, the proposed metric accepts partially ordered sets, and, thus is 

more suitable here, as comparison makes sense only for comparable entities. Two entities are 

comparable if there is at least one comparative sentence of aspect a involving them. Comparability is 

also transitive.  

Aspect Identification We first investigate the previous two primary tasks in the scenario where 

individual aspects are known. As Compare Gem‟s flexibility allows for latent aspects, we then 

investigate the second scenario where aspects are pooled and latent, and assess the aspect 

identification using balanced F-measure. This gives a better assessment, as the aspect distribution in 

the dataset is much skewed, and simple majority vote alone already attains 55 percent accuracy. 

 

Parameter Setting 

EntityRankModel involves a number of hyper parameters. To tune them, we perform two-step 

grid search. The first step optimizes the parameters (α,β,γ) when the ranking component is switched 

off (ν= 0). Once these hyper parameters are fixed, the ranking-related parameters (ν,σ, n) are 

optimized in the second step. The number of comparative features (e.g., “more”, “better”) in a 

sentence is usually fewer than the number of the background words (e.g., emph“tried”, “actually”, 

“‟pixel”). This suggests a reasonable set of possible values for g, which should lie within (0.5, 1). We 

use the same non-informative hyper parameters for the feature distributions over all aspects. For the 
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grid search, the measures (e.g., accuracy, ranking accuracy) were combined into the harmonic mean, 

H(M)=k/(Σ
k 

i=1 mi
-1

), where M={mi}
k
 i=1 are the appropriate evaluation measures. The Gibbs sampling 

algorithm uses simulated annealing and requires specification of initial temperature and cooling 

schedule. We analyzed the exponential cooling and linear cooling schedules. The linear schedule 

managed to produce better result for the same fixed number of iteration and was adopted. The number 

of optimization steps was set to 250 for Variational Approximation. 

 

Supervised Evaluation on Individual Aspects 

First, in this section, we focus on the evaluation of the two primary tasks of comparative 

direction classification and entity ranking to study their synergy. Therefore, we fully supervise the 

aspect assignment, and run these experiments on each aspect separately.  

 

Methods For the classification task, we compare to two popular classifiers: Support Vector Machine 

(SVM) and Naive Bayes (NB). We used SVM with linear kernel, and tuned the regularization 

parameter C via grid search, (10
-1

, 10 
0
...,10

3
). For the ranking task, our baseline is Bradley-Terry-

Luce model (BTL). Because BTL assumes the comparison outcomes of sentences are known, we use 

the classification output from the first task, together with the training sentences as inputs to the 

ranking model. For this reason, BTL is not a complete baseline, because it cannot operate 

independently from a source of comparative directions. For ranking, we create a composite baseline 

from pipelining the two steps discussed in this section (i.e., SVM+BTL). In contrast to the baseline, as 

EntityRankModel is a generative model, we simply learn the two tasks simultaneously. 

EntityRankModel uses with Continuous rank scores learnt via Variational Method. 

 

Comparative Direction Classification We first validate the hypothesis that joint modeling improves 

the comparative direction classification. Table 6 shows results for the different configurations of 

EntityRankModel, continuous and discrete, with or without modeling the entity ranking. The ranking 

component is put out by setting the sigmoid scaling parameter to zero (v=0) in (2). The versions of 

EntityRankModel that take advantage of the entity ranking information perform better than their non-

ranking counterparts. The Overall row5, derived as the harmonic mean across the four aspects, 

indicates that EntityRankModel (Continuous) performs substantially better that its competitors, thus 

we use it latter to compare with the baseline methods. Table 7 reports the accuracy results of the 

baseline methods. For all four aspects, the best performing method is Continuous EntityRankModel. 

The baselines, SVM and NB, perform worse (statistically significant). This outperformance validates 

our hypothesis that jointly modeling ranking and classification helps the models do better at 

classifying sentences. Between the two baselines, SVM is noticeably better than NB. It also has better 

results than non-ranking versions of EntityRankModel (Table 6). We keep SVM as the primary 

baseline in subsequent experiments. 

International Journal of Pure and Applied Mathematics Special Issue

1885



20 

 

TABLE 8 

Comparative Direction Classification 

Aspects EntityRankModel SVM NB 

Functionality 88 77.3 72 

Form Factor 78.5 66.6 61.4 

Price 72.1 61.9 61.2 

Image Quality 81.3 71 68.3 

Battery 79.7 60.9 61 

Total 79.92 67.54 64.6 

 

Entity Ranking For ranking, we rely on two benchmarks. Table 8 shows the ranking accuracies for 

the crowd sourced benchmark. EntityRankModel has the highest ranking accuracies. Though 

EntityRankModel outperforms SVM+BTL significantly, the magnitude of the difference is less 

impressive than for classification task. We hypothesize that ranking is an “easier” task than 

classification. Though SVM performs significantly worse in classification at the sentence level (Table 

7), at the level of entity pairs, there could still be sufficient number of correctly classified sentences to 

get the ranking right. Table 9 shows the ranking accuracies for the specification benchmark. Against 

this benchmark, EntityRankModel still performs well for form factor and price. For functionality, it is 

worse than SVM+BTL. 

    TABLE 9 

Entity Ranking 

Aspects EntityRankModel SVM+BTL 

Functionality 77 80.1 

Form Factor 64.7 51 

Price 78.8 71 

Image Quality 75.3 61.2 

Battery 82.6 73.9 

Total 75.68 67.44 

 

Though the absolute numbers are different, the main conclusions that can be derived from the two 

benchmarks are similar. Indeed, the evaluation pairs that exist in both benchmarks are quite 

consistent. Only one disagreement is indicated within functionality between them. The difference in 

the results can be explained in part by the difference in benchmark sizes. The specification benchmark 

imposes more constraints on the entity placement within a ranking, making it more „difficult‟ for the 

methods. For these datasets, between the two versions of Compare-Gem, Continuous is noticeably 

better across Tables 6 to 9. Subsequently, we report the results of EntityRankModel as a 
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representative. 

Evaluation on Combined Aspects 

In this section, we pool all aspects together, and explore the scenario when only partial 

supervision on aspect assignment is available. The aim here is to understand how well 

EntityRankModel tackles the major tasks of comparative direction classification and entity ranking, 

while also pursuing aspect identification. The natural baseline is to use a pipeline of classifiers and 

ranking model. The first classifier is trained to identify the aspect of a sentence. The second one is to 

identify the comparative direction. The third model is to build entity ranking for every aspect based on 

the classification outcomes. We report the results for a SVM+BTL pipeline, i.e., SVM classifiers for 

aspect and comparative direction and BTL model for ranking. Table 10 summarizes the results of 

EntityRankModel (Continuous) versus the SVM+BTL pipeline on the Digital Camera dataset. 

Because we are dealing with a single pool, we show “overall” figures derived as harmonic mean 

across results for individual aspects. For ranking, we use the crowd sourced ranking benchmark, 

which is applicable to all four aspects. Evidently, EntityRankModel still outperforms the baseline on 

the two primary tasks of comparative direction classification and entity ranking. This is despite a 

marginally lower performance in aspect identification, which is still sufficiently accurate to support 

the primary tasks.    

TABLE 10 

    Combined Aspects  

Aspects EntityRankModel SVM+BTL 

Comparative Direction Classification 80 68.3 

Entity Ranking 75.6 67 

Aspect Identification 75.3 76.1 

 

This speaks of the flexibility of EntityRankModel, in its higher capacity for comparative direction 

classification and entity ranking, in both scenarios of operating with known aspects or with partial 

information on aspects. 

 

CONCLUSION 

 

We propose EntityRankModel as a generative model for comparative sentences. The key insight is 

jointly modelling two levels of comparative relations: at the level of sentences and at the level of 

entity pairs. This holistic treatment is novel, and is shown to empirically outperform the previous 

pipelined approaches. EntityRankModel is validated on Amazon reviews dataset, showing better 

performance on both the comparative direction task at the sentence level, and ranking at the entity 

level. The empirical result is revelatory, suggesting that while joint modelling of entity ranking and 

International Journal of Pure and Applied Mathematics Special Issue

1887



22 

 

sentence classification is useful for both tasks, ranking seems to help sentence classification more than 

the other way around. Furthermore, EntityRankModel works well on these primary tasks when 

aspects are fully or partially known, as well as in supervised configurations. 
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