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Abstract – The mining of opinion based on aspects creates in-depth views on a subject such as a product or an event. With the 

rapid growth of texts on the Internet, views on the mining side have become a promising way to analyze public opinion on the 

Internet. In particular, the flourishing of various types of on-line media provides diverse and integrated information, providing 

unprecedented opportunities for mining through the media. Along this line, we suggest CAMEL, an innovative model for cross-

browser exploration side by side across asymmetric groups.CAMEL acquires information integration by modeling common and 

specific aspects across groups, while preserving all opposing views of the conflicting study. It is also proposed to use   an 

automatic labeling system called AME to help distinguish words and words without identifying human identifiers, which is 

enhanced by adding similarities that are based on the inclusion of the word as a new feature. Furthermore, the CAMEL-DP, a non-

parametric replacement of CAMEL, is also proposed based on the associated Dirichlet operations. The extensive experience of the 

real-world multivariate review data demonstrates the superiority of our competitive baselines. This is especially true when 

information shared between different groups becomes seriously fragmented. Finally, a case study of the Shanghai Stampede 2014 

event shows the practical value of CAMEL for real-world applications. 

I INTRODUDCTION:  

The substantial growth of user content expressed on the Web, and the extraction, understanding, and summarily of public views 

expressed on on-line media platforms, has become an important topic of research and has gained much attention in recent years. 

The mining of opinion based on aspects, originally proposed to create detailed views towards a particular product perspective,has 

become a promising challenge to the public opinion at the mining level of on-line social media, where the concept of an aspect has 

extended to a fundamental, Perspective towards a public event.For example, for a specific major event: 2015, two sessions (from 

the National People's Congress and the Chinese People's Political Consultative Conference) in China, we would like to know 

detailed general views on a wide range of focused topics that have sparked heated debates, for example, the downward pressure on 

GDP, opportunities in Jing-Jin-Ji integration, Hukou reform, anti-corruption, environmental protection, etc.The technique of side-

by-side mining is an obvious candidate to fulfill this task. 

To meet the above challenge, we are using CAMEL (Max-L-Max), an innovative model of spatially-based spatial 

mining model across asymmetric groups. On our best knowledge, our work is among the early studies in this direction. CAMEL is 

essentially a type of LDA model across a group, which compiles views at the side level and gains information by learning 

common and specific aspects across different groups. By maintaining all the views corresponding to the common and specific 

aspects, CAMEL is also able to conduct an analytical analysis of variance. 

Moreover, to boost CAMEL, we are using  AME, an automatic labeling scheme for maximum entropy model, to 

discriminate aspect and opinion words without heavy human labeling. It is further enhanced to the so-called EAME scheme by 

employing the word embedding-based similarity. Finally, we propose CAMEL-DP, a non parametric alternative to CAMEL. 

Finally, we propose CAMEL-DP, a non parametric alternative to CAMEL.CAMEL-DP is based on coupled Dirichlet processes 

and is capable of automatically estimating the number of common and specific aspects, which might be a headache in practice for 

parametric models like CAMEL. 

II RELATED WORK 

2.1 Aspect-based Opinion Mining 

Usually, two sub-tasks are involved in this problem, ie, identifying the title or feature and drawing the opinion. Most early 

identification works are feature-based approaches  for example, the application of repeated mining of materials to determine 
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aspects of a product  which usually exercises some restrictions on high-frequency nouns to aspects. As a result, they are often at 

risk of producing many non-aspect and low-frequency. 

In recent years, with the popularity of subject models, it suggests more unsupervised ways of prospecting on the basis of 

aspects.Another way to discover aspects is to use an objective model of sentences instead of documents. Suppose all words in one 

sentence are created from a single subject. Some researchers take a approach to this model and theme sentiment in a unified way. 

For instance, Lin and He propose the Common Sentiments Model (JTM) to simultaneously detect emotion and subject tes. The 

main difference lays in that the ASUM assumes that each sentence covers oxtnly one subject. The two models above do not clearly 

separate the subject and emotional words.MI. Proposition of a mixture of subjects, which represents positive and negative 

emotions as linguistic models separating subjects, but both models only capture general opinion words. Prods ET AL. Follow a 

two-step approach by first uncovering the aspects and then selecting the thematic topics. Chow ET AL. Proposing a subject model 

that integrates with MaxEnt-LDA to combine both sides and side words defined in the subject model. Detailed discussion of 

specimen models based on the LDA. 

2.2 Cross-Collection Text Mining (CCTM) 

2.2.1 Parametric CCTM  

Zhai ET AL.Presenting a task called "comparative text mining" and proposing a common mixture model (cc mix) based on a 

proactive latent signal (pLSA).The goal of the task is to discover common themes across all groups and unique ones for each 

group collection. Paul ET AL. Cc mix was extended to a ccLDA model based on the LDA to analyze the subject cultures. GAO 

ET AL.  Suggest a side-by-side model of interrelated thread (cc tam) to perform sound vapor switching. They assume that the 

aspects contained in the tweets can only be an extension of those in the news. Fang ET AL. Multidimensional model proposal 

(CPT) for performing contrasting viewing models. They also view views on the same subject so far from different news sources as 

different perspectives, and identify topics (not aspects) across groups by making LDA over aggregated collections. CPT has no 

ensuring common themes, especially when the groups are not identical, such as news versus tweets in our case.  

2.2.2 Non parametric CCTM 

One of the main limitations of parametric models is that they require a specific number of subjects to be defined as the former, 

which is usually an important logic. Bayesian non parametric models, especially those based on Dirichlet (DP) operations, are 

supported to address the above problem. Hierarchical Dirichlet (HDP) is one of the most common non-scientific subject models, 

and a two-level HDP may look like "LDA finite". HDP uses three levels to form multiple models, often resulting in better 

performance than H DPs with two levels. However, Triple HDP can not distinguish between common and specific topics across 

groups. Muller ET AL. It is use to linear combinations of independent DP perception to achieve reliability between random scales. 

This approach actually inspires CAMEL-DP, where DP-Specif is a linear set of DP and local CDP, which puts the same concept 

of common / common aspects as CAMEL. Line Introduce a more frame works, specifically non parametric as the mixture model 

was built, in order to combine latent Dirichlet processes, and CAMEL-DP also have in cellular work. Other interrelated currencies, 

including the hierarchical hierarchical Dirichlet process proposed by Ma ET AL, Which are general and specific topics across 

document groups (document groups are not noted). 

 
III RESEARCH METHODOLOGY 

 

We are using a CAMEL (Cross-collection Auto-labeled MaxEnt- LDA), a novel topic model for complementary aspect-based 

opinion mining across asymmetric collections. To our best knowledge, our work is among the earliest studies in this direction. 

CAMEL is essentially a type of cross-collection LDA model, which models aspect-level opinions and gains information 

complementary by learning both common and specific aspects across different collections. By keeping all the corresponding 

opinions for both common and specific aspects, CAMEL is also capable of conducting contrastive opinion analysis. 

Moreover, to boost CAMEL, we are using AME, an automatic labeling scheme for maximum entropy model, to discriminate 

aspect and opinion words without heavy human labeling. It is further enhanced to the so-called EAME scheme by employing 

the word embedding-based similarity. Finally, we propose CAMEL-DP, a non parametric alternative to CAMEL. CAMEL-

DP is based on coupled. Direct processes, and is capable of automatically estimating the number of common and specific 

aspects, which might be a headache in practice for parametric models like CABy keeping all the corresponding opinions for 
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both common and specific aspects, CAMEL is also capable of conducting contrastive opinion analysis. Moreover, to boost 

CAMEL, we are using AME, an automatic labeling scheme for maximum entropy model, to discriminate aspect and opinion 

words without heavy human labeling. It is further enhanced to the so-called EAME scheme by employing the word 

embedding-based similarity. 

                                                     

Fig .1: Plate Notation Of CAMEL 

 

 
IV EXPERIMENT RESULTS 

In this section, we provide extensive trial results for CAMEL and CAMEL-DP. Below, we agree to use "CAMEL", "us", 

"CAMEL-DP" and "ours NP" mutually in comparative studies. We use our "methods" to refer to CAMEL and CAMEL-DP from 

time to time for accuracy. 

4.1 Experimental Setup  

4.1.1 Data sets  

Our methods are tested on two sets of data in the real world. One is a textbook for on-line reviews of electronic devices on 

Amazon2, which is reorganize so as to provide a control for evaluation. The other is a story about a real public event crawled from 

news gateways in addition to the Chinese Weibo3 to verify the practical use of our methods. On-line reviews were collected by Jo 

ET AL. Which contains reviews of electronic devices in seven categories. In this way, coffee machine reviews are fragmented and 

scattered on C0 and C1, which basically builds the integration between the two groups when we want to restore the aspects of the 

coffee machine. In other words, we can expect common aspects of the "coffee machine" across two groups, specific aspects 

around the "vacuum enclosure" and "MP3 player" in C0 and C1, respectively. For the real event data set, we crawled news and 

Twitter about the event. 

1. HTTP://WWW.amazon.com  

2. HTTP://WWW.weirdo.com  

3. HTTP://WWW.lap-cloud.com/  

4. HTTP://WWW.keen age.com/HTML/e index.HTTP 

 4.1.2 Baseline Methods 

In the experiments, and we compare our methods with two baseline methods are LocLDA and MaxEnt-LDA. Cc Tam can be the 

candidate baseline if we allow ambiguity to "subject" and "side" concepts. Therefore, we also make a comparison with cc tam, but 

leave the details of the supplementary material. In order to learn aspects instead of topics, LocLDA performs the standard LDA on 

sets of sentences (treats each statement as a document). MaxEnt-LDA assumes that each sentence consists of one theme, so the 

resulting topics also plan for aspects. MaxEnt-LDA also separates side and opinion words so that the subject is converted into two 

dimensions, one for the sides and the other for the views. For a brief expression, LocLDA skin is also BL0 and MaxEntLDA as 

BL1.    
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4.1.3 Parameter Setting  

In our practice, topic models with weak priors often perform better on short text. Therefore, we set ? = 0.1 and 0 = .01 for MaxEnt-

LDA, LocLDA and CAMEL. We set = 0 0.1 for both CAMEL and CAMEL-DP. For CAMEL-DP, we set the concentration 

parameter ? = 0.2 for each DP. The basic distribution B of CAMEL-DP is assumed to be Dir (0.05). The parameter setting of 

CAMEL-DP is to ensure that it learns a similar number of aspects as does CAMEL. The Gibbs sampling is used for inferring the 

model, with 1000 replicates for all parameters methods and 2000 replicates for CAMEL-DP. Each measurement factor manages 

10 samples for medium results.  

4.1.4 Evaluation Measures  

In detail, we manually assign each side to one of the three product categories. Since all roads allocate one aspect per 

sentence, this means that they have been granted by road. On the other hand, each sentence is also categorized by the category in 

which the review exists, which can act as the control. As a result, we can calculate sentences to evaluate indirect aspects through p, 

r, and f. Section below gives further details. Note that we also designed an automatic procedure to label each side of one of the 

three product categories, which function similarly in the Hand category. Readers with interests in complementary materials. 

4.2 Validity of Auto-labeled MaxEnt  

Before giving details of the aspects and feedback assessments, we first justified the validity of the MaxEnt (short AME) 

component. We also have concerns in whether it is likely to be new features via word embedding ground similarity  would 

improve AME performance, thus including the EAME for comparison. The MaxEnt (MME) method is manually named here as 

the baseline. We compare Precision @ n (P @ n to the short) from the above models in the review data with the variation of the 

number of courses S. Here P @ n measures how The keywords are exactly the opinion rather than the side words given the higher 

probability words for the view, Validate human. For MME, were and only select sentences with Sentence words and label them 

manually. For AME and EAME, we use our procedures to automatically generate the same number of sentences and distinguish 

them. Increase the estimation of training data, and compare the values ??of P @ 5, P @ 10 and P @ 20 for different. we note that 

AME is less accurate than MME because the size of the training is less than or equal to 30. 

4.3 Aspect Evaluation  

We design a collective classification experiment to review the data to evaluate the quality of aspects.MaxEnt-LDA and our 

methods assign one aspect to each sentence, and each aspect is categorized manually by one class. As a result, we can use the 

wholesale classification as an indirect valuation of the aspects - the best ratings for the cultures. For LocLDA, since it assigns one 

aspect to each word, we use the following equation to infer the sentence. 

Number of sides automatically, we only provide results. Note that the Method column refers to the method and the data 

set that generates the sides, and the Data column indicates the rating data set. For example, the second line of table gives the 

results of the classification on C0 statements, based on the sides learned by LocLDA via C0 & C1. 

4.4.1 Opinion Coherence 

Cohesion points measure the distribution of a word by calculating the degree of semantic similarity between high probability 

words in it. A higher score often indicates better quality. Given the T of high probability words, the degree of coherence of the 

view is determined. 

 

4.4.2 Aspect-Opinion Coherence  

If the quality of the opinion is not assessed, it is not possible to evaluate the one side and views. To meet this need, we propose a 

new procedure for assessing the dimension -opinions. The words are highly probable for the side and, respectively, the cohesion of 

the side-view pair. 
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4.4.3 Opinion Evaluation Results  

Through BA More computing the cohere score for CAMEL-DP, we remove the specified side pairs of pairs with fewer 

than 200 sentences. This is due to the fact that CAMELDP is an informal model, which tends to learn even new long tail aspects. 

Therefore, the specific aspects of small sentences are suspect and should be removed before evaluation.  

          

While It is also very Investing uses CAMEL-DP achieves higher than the average for consistency marks, it also contains 

the highest degree of volatility in these rows. To understand this, remember that we run CAMEL-DP ten times to report the results 

above. Sometimes, we note from time to time that one or two aspects of CAMEL inspired by DP contain only hundreds of 

sentences, resulting in a relatively high degree of consistency. Support is unreliable, which can be found due to the use of non-

scientific degrees. This illustrates well why CAMEL-DP gets high degrees of consistency but with high volatility. 

4.5 Value of Complementary  

In this section, we valuate our methods with varying levels of integration across groups. This can give us insights about the real 

value of learning supplementary information. To this end, we repair the on-line review data by removing the "coffee machine" 

sentences from the C0 group while keeping the C1 unchanged. Were move the sentences gradually from r = 10% to 80% of the 

total coffee machine sentences in C0, and observed changes in the sentences classification results on C0, C0 and C1. MaxEnt-

LDA is supported here as the primary method.K0 = K1 = 15, K = 30, KI = 6 and KS = 12. The retrieving and f-measure values. 

we see that with the removal of "coffee machine" sentences, therecallandf-measureofBL10 drop Become more and more unstable. 

Since BL1-2 and all of our methods can use complementary information about the C1 coffee machine expressions, they all 

outperform BL1-0 and look relatively more stable. This indicates a great value of supplementary learning information. Another 

important observation of is that BL1-2 is generally less effective than our methods and becomes somewhat unstable in terms of 

80%. ThisThisduetothefactthatwhileBL12 uses the "coffee machine" sentences for both groups, it does not design integration 

across the common areas clearly. As a result, fragmented information can not be retrieved from the Coffee Machine. This 

observation reveals that there are gaps in CAMEL cameras that are of great importance for supplementary side mining. Finally, to 

our surprise, CAMEL-DP performs fairly compared well with the other methods in the C0 range, although performance 

fluctuations are still slightly higher. We believe that the ability of non-learning models to learn long tail aspects contributes to the 

results described above. More specifically, the informal model does not restrict a number of aspects and therefore tends to draw on 

the aspects supported by lower training data (ie aspects of the tail).CAMEL-DP seems merely comparable to or less effective than 

CAMEL, but it outperforms BL1-2 to date.  

5. CONCLUSION AND FUTURE SCOPE 

In this paper, we proposed CAMEL, a novel topic model for complementary aspect-based opinion mining across asymmetric 

collections. By modeling both common and specific aspects while keeping contrastive opinions, CAMEL is capable of integrating 

complementary information from different collections in both aspect and opinion levels. An auto-labeling scheme called AME 

with word embedding based similarity enhancements was also introduced to further allow CAMEL to suit real-life applications. 

Moreover, a non parametric alternative to CAMEL called CAMEL-DP was also proposed based on coupled Dirichlet Processes to 

avoid the dilemma of setting a proper topic number. Extensive experiments and a real-world case study on a public event 

demonstrated the effectiveness of CAMEL and CAMEL-DP in leveraging collection complementary for high-quality aspect and 

opinion mining. In the future work, we would like to explore whether the AME scheme can adapt to all types of opinionated texts. 
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