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Abstract. 

 Existing approaches for opinion mining for the most part center around re-sees from Amazon, space 

particular audit sites or online networking. Little efforts have been spent on fine-grained analysis of 

opinions in audit texts from portable advanced cell applications. In this paper, we propose a perspective 

and subjective expression extraction demonstrate for German reviews from the Google Play store. We 

break down the effect of deferent highlights, including space particular word embeddings. Our best model 

design demonstrates a performance of 0.63 F1 for viewpoints and 0.62 F1 for subjective expressions. 

Further, we perform cross-area analyzes: A model prepared on Amazon reviews and tried on app reviews 

accomplishes bring down performance (drop by 27 rate focuses for angles and 15 rate focuses for 

subjective expressions). The outcomes demonstrate that there are solid deference’s in the way closely-

held convictions on item angles are communicated in the specific spaces. 

Keywords: Sentiment Analysis, Reviews, German, App Reviews, Opinion Mining. 

I. INTRODUCTION 

The analysis of sentiment articulations and opinions in text picked up a ton of consideration 

inside the most recent decade [23]. Contemplated kinds of texts incorporate item reviews, 

Twitter messages or blog entries [36]. Opinion mining (sometimes known as sentiment analysis 

or emotion AI) refers to the use of natural language processing, text analysis, computational 

linguistics, and biometrics to systematically identify, extract, quantify, and study affective states 

and subjective information. Sentiment analysis is widely applied to voice of the customer 

materials such as reviews and survey responses, online and social media, and healthcare 

materials for applications that range from marketing to customer service to clinical medicine. 

A basic task in sentiment analysis is classifying the polarity of a given text at the document, 

sentence, or feature/aspect level—whether the expressed opinion in a document, a sentence or an 

entity feature/aspect is positive, negative, or neutral. Advanced, "beyond polarity" sentiment 

classification looks, for instance, at emotional states such as "angry", "sad", and "happy". 

 

Precursors to sentimental analysis include the General Inquirer,[1] which provided hints toward 

quantifying patterns in text and, separately, psychological research that examined a person's 

psychological state based on analysis of their verbal behavior.[2] 

Subsequently, the method described in a patent by Volcani and Fogel,[3] looked specifically at 

sentiment and identified individual words and phrases in text with respect to different emotional 

scales. A current system based on their work, called EffectCheck, presents synonyms that can be 

used to increase or decrease the level of evoked emotion in each scale. 
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Many other subsequent efforts were less sophisticated, using a mere polar view of sentiment, 

from positive to negative, such as work by Turney,[4] and Pang[5] who applied different 

methods for detecting the polarity of product reviews and movie reviews respectively. This work 

is at the document level. One can also classify a document's polarity on a multi-way scale, which 

was attempted by Pang[6] and Snyder[7] among others: Pang and Lee[6] expanded the basic task 

of classifying a movie review as either positive or negative to predict star ratings on either a 3- or 

a 4-star scale, while Snyder[7] performed an in-depth analysis of restaurant reviews, predicting 

ratings for various aspects of the given restaurant, such as the food and atmosphere (on a five-

star scale). 

 

First steps to bringing together various approaches—learning, lexical, knowledge-based, etc.—

were taken in the 2004 AAAI Spring Symposium where linguists, computer scientists, and other 

interested researchers first aligned interests and proposed shared tasks and benchmark data sets 

for the systematic computational research on affect, appeal, subjectivity, and sentiment in text.[8] 

Even though in most statistical classification methods, the neutral class is ignored under the 

assumption that neutral texts lie near the boundary of the binary classifier, several researchers 

suggest that, as in every polarity problem, three categories must be identified. Moreover, it can 

be proven that specific classifiers such as the Max Entropy[9] and the SVMs[10] can benefit 

from the introduction of a neutral class and improve the overall accuracy of the classification. 

There are in principle two ways for operating with a neutral class. Either, the algorithm proceeds 

by first identifying the neutral language, filtering it out and then assessing the rest in terms of 

positive and negative sentiments, or it builds a three-way classification in one step.[11] This 

second approach often involves estimating a probability distribution over all categories (e.g. 

naive Bayes classifiers as implemented by the NLTK). Whether and how to use a neutral class 

depends on the nature of the data: if the data is clearly clustered into neutral, negative and 

positive language, it makes sense to filter the neutral language out and focus on the polarity 

between positive and negative sentiments. If, in contrast, the data are mostly neutral with small 

deviations towards positive and negative affect, this strategy would make it harder to clearly 

distinguish between the two poles. 

 

A different method for determining sentiment is the use of a scaling system whereby words 

commonly associated with having a negative, neutral, or positive sentiment with them are given 

an associated number on a −10 to +10 scale (most negative up to most positive) or simply from 0 

to a positive upper limit such as +4. This makes it possible to adjust the sentiment of a given 

term relative to its environment (usually on the level of the sentence). When a piece of 

unstructured text is analyzed using natural language processing, each concept in the specified 

environment is given a score based on the way sentiment words relate to the concept and its 

associated score.[12] This allows movement to a more sophisticated understanding of sentiment, 

because it is now possible to adjust the sentiment value of a concept relative to modifications that 

may surround it. Words, for example, that intensify, relax or negate the sentiment expressed by 

the concept can affect its score. Alternatively, texts can be given a positive and negative 

sentiment strength score if the goal is to determine the sentiment in a text rather than the overall 

polarity and strength of the text.[13] 
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Subjectivity/objectivity identification 

This task is commonly defined as classifying a given text (usually a sentence) into one of two 

classes: objective or subjective.[14] This problem can sometimes be more difficult than polarity 

classification.[15] The subjectivity of words and phrases may depend on their context and an 

objective document may contain subjective sentences (e.g., a news article quoting people's 

opinions). Moreover, as mentioned by Su,[16] results are largely dependent on the definition of 

subjectivity used when annotating texts. However, Pang[17] showed that removing objective 

sentences from a document before classifying its polarity helped improve performance. 

 

Feature/aspect-based 

It refers to determining the opinions or sentiments expressed on different features or aspects of 

entities, e.g., of a cell phone, a digital camera, or a bank.[18] A feature or aspect is an attribute or 

component of an entity, e.g., the screen of a cell phone, the service for a restaurant, or the picture 

quality of a camera. The advantage of feature-based sentiment analysis is the possibility to 

capture nuances about objects of interest. Different features can generate different sentiment 

responses, for example a hotel can have a convenient location, but mediocre food.[19] This 

problem involves several sub-problems, e.g., identifying relevant entities, extracting their 

features/aspects, and determining whether an opinion expressed on each feature/aspect is 

positive, negative or neutral.[20] The automatic identification of features can be performed with 

syntactic methods, with topic modeling,[21][22] or with deep learning.[23] More detailed 

discussions about this level of sentiment analysis can be found in Liu's work.[24] 

 

Methods and features 

Existing approaches to sentiment analysis can be grouped into three main categories: knowledge-

based techniques, statistical methods, and hybrid approaches.[25] Knowledge-based techniques 

classify text by affect categories based on the presence of unambiguous affect words such as 

happy, sad, afraid, and bored.[26] Some knowledge bases not only list obvious affect words, but 

also assign arbitrary words a probable "affinity" to particular emotions.[27] Statistical methods 

leverage on elements from machine learning such as latent semantic analysis, support vector 

machines, "bag of words" and Semantic Orientation — Pointwise Mutual Information (See Peter 

Turney's[4] work in this area). More sophisticated methods try to detect the holder of a sentiment 

(i.e., the person who maintains that affective state) and the target (i.e., the entity about which the 

affect is felt).[28] To mine the opinion in context and get the feature about which the speaker has 

opined, the grammatical relationships of words are used. Grammatical dependency relations are 

obtained by deep parsing of the text.[29] Hybrid approaches leverage on both machine learning 

and elements from knowledge representation such as ontologies and semantic networks in order 

to detect semantics that are expressed in a subtle manner, e.g., through the analysis of concepts 

that do not explicitly convey relevant information, but which are implicitly linked to other 

concepts that do so.[30] 

 

Open source software tools deploy machine learning, statistics, and natural language processing 

techniques to automate sentiment analysis on large collections of texts, including web pages, 

online news, internet discussion groups, online reviews, web blogs, and social media.[31] 

Knowledge-based systems, on the other hand, make use of publicly available resources, to 

extract the semantic and affective information associated with natural language concepts. 

Sentiment analysis can also be performed on visual content, i.e., images and videos. One of the 
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first approach in this direction is SentiBank[32] utilizing an adjective noun pair representation of 

visual content. In addition, the vast majority of sentiment classification approaches rely on the 

bag-of-words model, which disregards context, grammar and even word order. Approaches that 

analyses the sentiment based on how words compose the meaning of longer phrases have shown 

better result,[33] but they incur an additional annotation overhead. 

 

A human analysis component is required in sentiment analysis, as automated systems are not 

able to analyze historical tendencies of the individual commenter, or the platform and are often 

classified incorrectly in their expressed sentiment. Automation impacts approximately 23% of 

comments that are correctly classified by humans.[34] However, humans often disagree, and it is 

argued that the inter-human agreement provides an upper bound that automated sentiment 

classifiers can eventually reach.[35] 

 

Sometimes, the structure of sentiments and topics is fairly complex. Also, the problem of 

sentiment analysis is non-monotonic in respect to sentence extension and stop-word substitution 

(compare THEY would not let my dog stay in this hotel vs I would not let my dog stay in this 

hotel). To address this issue a number of rule-based and reasoning-based approaches have been 

applied to sentiment analysis, including defeasible logic programming.[36] Also, there is a 

number of tree traversal rules applied to syntactic parse tree to extract the topicality of sentiment 

in open domain setting.[37][38] 

 

The accuracy of a sentiment analysis system is, in principle, how well it agrees with human 

judgments. This is usually measured by variant measures based on precision and recall over the 

two target categories of negative and positive texts. However, according to research human raters 

typically only agree about 80%[39] of the time (see Inter-rater reliability). Thus, a program 

which achieves 70% accuracy in classifying sentiment is doing nearly as well as humans, even 

though such accuracy may not sound impressive. If a program were "right" 100% of the time, 

humans would still disagree with it about 20% of the time, since they disagree that much about 

any answer.[40] On the other hand, computer systems will make very different errors than 

human assessors, and thus the figures are not entirely comparable. For instance, a computer 

system will have trouble with negations, exaggerations, jokes, or sarcasm, which typically are 

easy to handle for a human reader: some errors a computer system makes will seem overly naive 

to a human. In general, the utility for practical commercial tasks of sentiment analysis as it is 

defined in academic research has been called into question, mostly since the simple one-

dimensional model of sentiment from negative to positive yields rather little actionable 

information for a client worrying about the effect of public discourse on e.g. brand or corporate 

reputation.[41][42][43] 

 

In recent years, to better fit market needs, evaluation of sentiment analysis has moved to more 

task-based measures, formulated together with representatives from PR agencies and market 

research professionals. The focus in e.g. the RepLab evaluation data set is less on the content of 

the text under consideration and more on the effect of the text in question on brand 

reputation.[44][45][46] 

 

One step towards this aim is accomplished in research. Several research teams in universities 

around the world currently focus on understanding the dynamics of sentiment in e-communities 
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through sentiment analysis.[50] The CyberEmotions project, for instance, recently identified the 

role of negative emotions in driving social networks discussions.[51] 

The problem is that most sentiment analysis algorithms use simple terms to express sentiment 

about a product or service. However, cultural factors, linguistic nuances and differing contexts 

make it extremely difficult to turn a string of written text into a simple pro or con sentiment.[47] 

The fact that humans often disagree on the sentiment of text illustrates how big a task it is for 

computers to get this right. The shorter the string of text, the harder it becomes. 

Even though short text strings might be a problem, sentiment analysis within microblogging has 

shown that Twitter can be seen as a valid online indicator of political sentiment. Tweets' political 

sentiment demonstrates close correspondence to parties' and politicians' political positions, 

indicating that the content of Twitter messages plausibly reflects the offline political 

landscape.[52] 

Generally speaking, sentiment analysis aims to determine the attitude of a speaker, writer, or 

other subject with respect to some topic or the overall contextual polarity or emotional reaction 

to a document, interaction, or event. The attitude may be a judgment or evaluation (see appraisal 

theory), affective state (that is to say, the emotional state of the author or speaker), or the 

intended emotional communication (that is to say, the emotional effect intended by the author or 

interlocutor).The analysis of portable applications (otherwise called apps) and their client 

reviews in app stores, for example, the Apple App Store3, Google Play Store 4, BlackBerry 

World5 or Windows Store6, has just increased exceptionally restricted consideration up until 

now. Be that as it may, app reviews over intriguing attributes which the amusement is extremely 

incredible and simply fun. Space lack was at last dispensed with.  

 
 

Fig. 1. Case of a client audit for a portable application. The audit contains helpful information 

and criticism for app designers, e.g. that amusement when all is said in done is simply fun. Be 

that as it may, the battery utilization, which is a part of the application, is extremely colossal.  

merit unique examination: On the one side, they share properties with Tweets and other web-

based social networking texts, e.g., similarly short and informal language [6]. On the opposite 

side they are like item reviews from different spaces or platforms, e.g., reviews about family unit 

appliances, shopper hardware or books on Amazon, as they ordinarily portray the client's opinion 

about particular perspectives. In the illustration client survey in Figure 1, the assignment is 

identify for example the viewpoints "amusement" with the assessment "extraordinary" and "fun". 

It additionally features that the angle "battery utilization" is assessed contrarily, as "huge" 

demonstrates.  
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The analysis of app reviews is additionally intriguing from a business perspective. The reviews 

form a rich asset of information, since they hold the client's opinions about the application. In 

addition the reviews regularly contain dissensions about issues and blunders of the app and 

notices of desired highlights. Joining this input into the development procedure can affect the 

accomplishment of the application [22]. Be that as it may, the mind-boggling measure of client 

reviews challenges app designers. An application can get hundreds or thousands of reviews every 

day, which make a manual examination and analysis extremely tedious and unfeasible. A 

computerized analysis of the reviews would be beneficial for app clients also since this would 

empower them to break down the favorable circumstances and hindrances of one or different 

applications all the more effortlessly. For instance, they could contrast two wellness trackers 

agreeing with particular perspectives like the exactness of the followed course or the 

representation of the preparation advance.  

II. RELATED WORK  

Late year's work in opinion mining delivered countless [16, 31, 34]. The dominant part of 

approaches centers on the investigation of item reviews [5], Twitter messages [32] and blog 

entries [18]. Just not very many approaches examine versatile applications and client reviews in 

app stores.  

An early approach is finished by Harman et al. [14]. They break down the value, client rating and 

the rank of app downloads of apps in the BlackBerry App Store. Assessment comes about 

demonstrate a solid connection between's the client rating and the rank of app downloads. 

Interestingly, Jacob and Harrison [17] consequently identify highlight asks for in app reviews. 

They utilize a corpus of 3,279 reviews from deferent applications in the BlackBerry App Store 

and physically make an arrangement of 237 etymological examples (e.g. "Including <request> 

would be <POSITIVE-ADJECTIVE>"). Fu et al. [8] center on negative reviews and the 

recognizable proof of reasons which prompt poor evaluations. For this reason the use Latent 

Dirichlet distribution (LDA) [2] to separate themes from negative reviews and think about the 

principle purposes behind poor reviews of applications from deferent classifications. Chen et al. 

[3] utilize deferent subject models in a semi-directed classifier to recognize informative and non-

informative reviews. A deferent approach to the analysis of app reviews is followed in [13]. 

They remove application highlights in light of thing, verb and modifier collocations. They utilize 

SentiStrength [33], a sentence based opinion mining strategy, to decide the client opinions about 

the removed highlights. Besides, the perceived highlights will be joined to more broad themes 

utilizing LDA.  

 

Different approaches around there incorporate extortion recognition [9], grouping of app reviews 

to distinguish bug reports and highlight demands [24], and coarse-grained sentiment analysis [11, 

13]. Additionally explore examines theme and watchword distinguishing proof strategies [10, 

37] and audit affect analysis [28]. Table 1 outlines work around there. Most of the approaches 

depends on physically made English corpora which aren't accessible to the exploration group. 

For different languages just a couple of data sets exist, e.g. for German Maalej and Nabil [24] 

make their audit data accessible yet just give archive level explanations. Sänger et al. [30] as of 

late distributed a corpus of German app reviews commented on with perspectives, subjective 

expressions and extremity. Be that as it may, they just give results to a standard model. In this 
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paper, we perform additionally investigates this asset. To the best of our insight, this is the main 

corpus accessible which contains such fine-grained explanations from the space.  

Table 1. Outline of existing work on app store audit mining and analysis. For each approach the 

general target, the quantity of applications and reviews utilized and also the app store (Apple 

App Store (A), Google Play Store (G) or BlackBerry World (B)) they start from are given. All 

approaches utilize English language reviews.  

 

 
The utilization of word implanting based highlights has indicated extensive effect on the 

performance on an assortment of NLP undertakings, for example lumping [4] or named element 

acknowledgment [35]. Existing approaches either utilize word embeddings directly [32] or get 

discrete highlights [7] from them. For instance, Guo et al.[12] perform k-implies bunching to get 

paired component vectors. In constrast, Turian et al.[35] use the interims in which the 

estimations of the vector parts mislead create discrete highlights. We don't know about any past 

work that has explored word embeddings and highlights in light of word embeddings in the 

context of app reviews, particularly in a cross-area setting. 

III. BASELINE MODEL 

We demonstrate the acknowledgment of subjective expressions and application viewpoints as 

arrangement naming undertaking, i.e., each expression of an audit text is appointed a class mark 

from the set L = {O, B-Subj , I-Subj, B-Asp, I-Asp} . We utilize a straight chain contingent 

arbitrary field [21] and the MALLET toolbox [25] to actualize the model. To take in the 

parameters of the model, the most extreme probability technique is applied. Derivation is 

performed utilizing the Viterbi calculation [29].  

Our gauge show takes lexical, morphological and linguistic highlights from each word (e.g. the 

token itself, grammatical form tag, capitalization, 3-character pre-and suffix) into record to catch 

the attributes of application perspectives what's more, evaluative expressions. The highlights are 

inspired by [19]. We additionally incorporate nullification word location and also smiley and 

emoji acknowledgment. For refutation word location we physically incorporated a rundown of 



International Journal of Computer Techniques – Volume 4 Issue 6, Nov - Dec 2017  

ISSN :2394-2231                                     http://www.ijctjournal.org Page 126 
 

German terms, which infer the nonappearance of specific issues or complete a nullification of a 

genuine circumstance, and match them with the audit text. We utilize a physically collected 

rundown of smileys and emojis for acknowledgment in view of the rundowns GreenSmilies 

(http://www.greensmilies.com/smilie-lexikon/) and Smiley dictionary (http://home. 

allgaeu.org/cwalter/smileys.html).  

Notwithstanding the textual highlights of the right now thought to be token, the qualities of the 

context words are considered. For this reason, all highlights of the words with a separation of 

two positions when the present token are added to the element vectors. Each component will be 

set apart with the separation to the at present thought about token. All highlights of our model are 

spoken to as boolean qualities. 

IV. WORD EMBEDDING MODEL  

We create highlights from word embeddings to improve our model. We select deduction of 

discrete highlights to have the capacity to pick up bits of knowledge about the effect and 

effectiveness of such highlights. The highlights are inspired by past work [15, 38].  

4.1 Synonym Expansion  

The first component classification that depends on embeddings speaks to the utilization of 

equivalent words and semantically related words. All the more formally, for a word w up to 10 

different words w0 from the vocabulary V with a cosine-comparability more noteworthy than a 

limit t (as indicated by their embeddings v(w) and v(w0 )) are included as equivalent word 

highlights.  

 

syn(w) = {w’ |w’ 2 € V/ {w} ^ sim(vw, vw’ ) ≥ t} .  

We set t = 0. 8 empirically in light of a hold out set. Comparative words are probably going to 

speak to the same or comparable ideas and ought to in this way get a similar name. For example, 

if the term app is perceived as a marker of a perspective, it is likely that terms, for example, 

application, program or apparatus ought to likewise be considered as viewpoints since they 

depict comparative ideas.  

 

4.2 Clustering  

Equivalent word includes just model connections certainly between gatherings of comparable 

words. To influence this express, we to perform progressive bunching of the word embeddings 

and include the record of the most comparable group focus to the present word and also the full 

way and all way prefixes in the bunch order. Utilizing the way prefixes empowers the model to 

consider changing levels of granularity and consequently test deferent reflection layers and 

bunch sizes.  
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Fig. 2. Case for grouping based component extraction. The dim leave relates to the nearest group 

to a thought about word. Highlights for the way from the root are hence left, left-right, left-right-

left, and bunch id=3.  

than singular words and in this manner accomplish a higher review. For instance, subjective 

articulations like energizing, entrancing or superb, possibly used to depict the UI of an app, 

ought to be dealt with proportionately and in this manner ought to get a similar mark. To 

construct the group tree we apply a recursive best down approach. Toward the starting all word 

embeddings form one bunch, which is separated into two sub-groups utilizing the k-implies 

bunching calculation and cosine similitude. Each sub - bunch is then recursively partitioned into 

two sub-groups until the point when a profundity of 10 layers is come to. 

CONCLUSION 

In this paper, we introduced a fine-grained sentiment analysis show for German for app reviews 

from the Google play store. The model depends on contingent irregular fields and takes lexical, 

morphological and linguistic highlights and in addition space particular qualities into record to 

separate subjective articulation and application perspectives from the client audit texts. To 

demonstrate connections amongst words and gatherings of words we advance our approach with 

discrete highlights in view of word embeddings. The assessment of the model shows aggressive 

figures as indicated by aftereffects of comparative extraction approaches created on other item 

spaces. Besides, we show that the performance of our model can be enhanced by 2 % with 

highlights in light of space particular word embeddings. A cross-area analyze uncovered that 

there are clear differences in the way sincere beliefs and item angles are communicated in app 

reviews rather than Amazon item reviews. This demonstrates the need of space particular models 

for fine-grained app audit mining which take the linguisitic quirks of the short and informal 

survey texts into account. Our approach speaks to a first step towards more definite analysis of 

reviews which will bolster application engineers and in addition app clients to break down and 

look at the focal points and downsides of one or various apps. 
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