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Abstract: Google play store allow the user to download a mobile application (app) and user get 

inspired by the rating and reviews of the mobile app. A recent study analyzes that user preferences, 

user opinion for improvement, user sentiment about particular feature and detail with descriptions 

of experiences are very useful for an application developer. However, many application reviews 

are very large and difficult to process manually. Star rating is given of the whole application and 

the developer cannot analyze the single feature. In this research, we have scrapped 282,231 user 

reviews through different data scraping techniques. We have applied the text classification on these 

user reviews. We have applied different algorithms and find the precision, accuracy, F1 score and 

recall. In evaluated results, we have to also find the best algorithm. 

Keywords: Machine Learning; Natural Language Processing; Text Mining; Semantic Analysis; 

Scraping; Google Play Store; Rating 

 

1. Introduction 

Mobile Applications plays a very vital role in our daily life as people experience. Now a 

day's android app is being used by everyone, people use different android apps, like (Messaging, 

social media, gaming, and browsers), etc. This online market provides a place for mobile users  

free and paid access over a million applications of mobiles that are referred to as “mobile apps”. 

On the Google Play store website, users can choose from over a million mobile apps for various 

mobile devices but sometimes the downloaded apps are not useful enough, keeping this mind. 

App store allows the user to search, buy and deploy software app on few clicks. This platform 

allows the user that can share his reviews. However, many limitations that we analyze and 

develop using the user reviews information. In the First step, it’s required a lot of effort to be 

analyzed app stores with a huge quantity of reviews. A current study found that IOS user gives 

22 reviews every day on one app. Famous social media app Facebook gets more than 4000 

reviews daily. Secondly, the quality of the review is wisely innovative ideas from helpful advice 

to insulting comments. Through different patterns and trends, high-quality information will be 

derived, High-quality information is a statistical pattern learning which is derived from the 

patterns and trends through various mediums. The way of structuring the input text the text 

mining use generally parsing, deriving patterns within the prearranged data, subsequent 
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insertion into a database, along with the accumulation of some original linguistic features and to 

end with interpretation and assessment of the output.  High-quality text mining is generally an 

arrangement of interest, innovation, and significance.  Typically, text mining task includes entity 

relation modelling for example to learn the relationship with named entities, summarization of 

documents, sentiment 

analysis, and creation of 

granular taxonomies, 

concept/entity extraction, text 

categorization, and text 

clustering. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Flow of Google Play Store Application Reviews Classification 

 

In linguistics, semantic analysis is the process of the level of phrases, paragraphs, sentences, 

clauses for writing to their independent language meanings and for relating syntactic structures. 

The feature removing the cultural and linguistic are involved in semantic analysis. The elements 

of idiom and figurative language, currently being cultural, and so are frequently changed to 

comparatively invariant meanings in semantic analysis. Semantics, even though applicable to 

pragmatics, is different because the former deals using a sentence or word alternative in just 

about any circumstance, whereas pragmatics believes that the one of a kind or significance 

produced from circumstance or tone. In various terms, semantics is all about loosely pragmatics 

and coded meanings; the significance encoded keywords that are subsequently translated using 

by the user. 

2. Related Work  

The author intends to go over about Sentiment Analysis of App Reviews (Guzman et al., 

2014). The author examines and filter can collect testimonials of users. Users utilize various 

methods of reviews to comprehend fine-grained application features. The user provides a notion 

in regards to the features that are recognized by giving a score. By employing topic modelling 
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ways features into capabilities that are simple and purposeful. They've compared due to 

peer-reviewed examined with the 7 applications extracted from Apple App Store (IOS) and also 

Google PlayStore. This manner, the consumer opinion can be examined by the program 

developer of filter inspection and a feature that isn't associated with They remember up to 73 per 

cent and have the accuracy up to 91 per cent. The results show that the summaries that are 

generated also have features from the reviews and also are routine [1].  

In 2013, Liu, Sarkar, and Chakraborty discuss the analysis of reviews for using android apps 

and their features (Liu. et al., 2013). They use reviews of two recent apps, one from Brain and 

Puzzle category and second from the personalization category. They extracted 600 reviews. 

Different tools like SAS 12.1 are used to perform sentiment analysis and SAS Enterprise Miner 

TM 7.1 is used for summarizing the reviews. After this, they apply rule-based models for testing 

datasets [2]. The result shows the following statistic:  

• For widget app 86% precision on positive and 94% precision negative directory.  

• For game app 94% on positive and 90% on negative.  

Thus, after comparing the statistical model and rule-based model; they conclude that the 

rule-based model is a more precise and effective way for making analysis.  

In 2013, (Pappas et al., 2013) describe the sentiment analysis of user reviews that is for one 

class collaborative fighting over TED Talks. Authors focus on the rating score of the reviews 

commented by the user. They also see how one class collaborates with the second class. For 

multimedia recommendations on TED discussions, they propose a sentiment-conscious 

nearest-neighbour model (SANN), which uses user reviews and comments. They propose that 

the SANN model has been experimentally shown to overcome some of the difficulties of 

associative filtering assignment of a class and to improve large-scale multi-passive infrastructure. 

Additionally, they have established robustness to sound and exhibited suitable learning abilities 

with value to the amount of available user-generated text [3]. In 2012, (Vinodhini et al., 2012) 

discuss sentiment analysis and opinion mining. They analyze different community problems. 

Their main topic for the survey is 'sentiment analysis and its challenges'. They deduce that it has 

a variety of applications in information systems and their classifiers are dependent on domain or 

topic. Thus, they conclude that none of the classification models is efficient in performance. 

Various types of classification algorithms are joining an effective way to reduce their 

disadvantage and advantage from each other's merits. Then finally increase the sentiment 

classification routine [4]. 

In 2005, (Pal et al., 2012) analysis indicates the comparison of their performance of Support 

Vector Machines (SVM) and Random Forest Classifier (RFC). The analysis covers from the UK. 

The results reveal the random forest classifier performs equally and similarly nicely to support 

vector machines concerning accuracy. This study concludes that random forest classifier is 

simpler as it requires fewer parameters. This process is also the most accurate one. The 

characteristics include its capability to deal with problems like data and values that are missing. 

Its distinctive feature is the simple fact that gives the importance of dissimilar attributes. A way 

to identify the outliers by utilizing proximity analysis is also used by it. There are investigations 

are still to gauge the routine of this random forest classifier [5]. 
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3. Data 

3.1. Dataset Description 

Mobile applications are a part of our lives. Half-million applications were introducing in 

2011 and in October 2012, 0.675 million applications were accessible on the Google Play store. 

Therefore, in this article, we collect the data from the Google play store by scrapping. 

Table 1. Data Information after Scrapping from Google Play Store 

Sr. # Category of Application Number of Reviews 

1 Action  24006 

2 Casual 44810 

3 Communication 30010 

4 Health & Fitness 17924 

5 Racing 35848 

6 Shopping 35848 

7 Art &Design 32008 

8 Photography 28007 

9 Sports 33770 

 

3.2. Dataset Visualization 

Dataset scrapped from the Google play store consists of Mobile Application reviews that 

visualized in FIGURE 2. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Mobile Application Reviews Categorized into 9 Classes (base of graph) 
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Figure 3. Mechanism of Google Play Store Application Reviewing using Machine Learning Models 

 

4. Methodology  

First, we select Application Categories that are Action, Casual, Communication, Health & 

Fitness, Racing, Shopping, Art & Design, Photography, and Sports. Fetch 24006, 44810, 30010, 

17924, 35848, 35848, 32008, 28007 and 33770 reviews with their rating according to each category.  

We fetch the number of reviews and enter the required pages according to the comments. 

We collect a total of 282,231 reviews in the Google Playstore. To fetch the data, first, we used to 

request a library. Requests library allows the user to send HTTP/1.1 requests using Python. With 

that, using simple Python libraries we add various content like form data, headers, multipart 

files, and parameters. This library allows users to process response data of python similarly. The 

second we had used their library. There is a special sequence of characters of Regular Expression 

that helps the user match or find with others string or sets of the string, using a specialized 

syntax detained in a pattern. At third, we had used the Beautiful  Soup (Richardson et al., 2007). 

This is a library of python, which is used to extract data from the HTML and XML files. This 

library works very rapidly and saves lots of programmer time. And in the end, we had used the 

OS library. To fetch reviews, we used to enter the application id and number of pages. There are 

40 reviews inside one page. Such whatever we have to fetch comments we will enter the same 

number of pages [6]. 

After we fetch the reviews of different categories, some action is performed on this 

downloaded data. We then perform a series of steps in which we predict the sentiment of 

different categories reviews. We use Python's Scikit-Learn Library for machine learning because 
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this is a library that provides machine learning algorithms like classification, regression, 

clustering, model validation, etc. [7]. Steps of text classification model in python are as follows: 

• Import the data. 

• Feature Extraction. 

• Convert the text into numbers. 

• Training sets(data) and testing sets(data). 

• Training text classification model and predicting sentiments. 

• Model evaluating. 

 

4.1. Feature Extraction 

Once the information is imported by us, the text from the information is processed. This  text 

includes kinds of figures, letters, and spaces that are unwanted. We remove spaces within this 

article, figures, and all characters. For this function, we utilize various libraries to carry out 

different processing tasks and get started deleting all of the non-repeated personalities like 

unique characters, figures, etc. Following this function, we'll delete the very exact characters. For 

instance: should we eliminate information from “asif" it will be taken out from the previous 

word we receive will be deducted out of ”asif" along with the only character "s". All the 

characters on each side of the space could be converted to a single area. Replacing a letter is 

going to result. We utilize a couple of areas to be replaced by the \ _ [a-zA-Z] + s + regular 

expression. Replacing a single letter with a single space will result in multiple spaces, which is 

not ideal. We use the \ _ + regular expression again to replace one or more places with one space.  

After obtaining the information in a binary format we now receive the information in binary 

format, and together with the letter "B" inserted before every series. Regex ^ b \ s removes "b" by 

the start of the series. After this work, we flip the information into a situation so the very exact 

conditions but situations are handled. For to shorten words to your dictionary root origin, we 

will do the same. By way of instance, out of "apple" into "apple". 

4.2. Converting Text to Numbers 

Machines Understand computer language machine cannot understand only numeric 

data(numbers). Largely, different statistical techniques and method like machine learning can be 

dealing with numbers. However, we convert the text. Different approaches the text changes into 

a numeric form. 

Commonly used strategies are given below: 

• The Bag Of Words Model 

• Word Embedding Model 

We utilize a bag of words model to convert text into numbers. 

 

4.2.1 .  Bag of Words 

 

In this approach, Count vectorizer class from the sklearn_feature_extraction.text library is 

used.  Different parameters can be essential to the user that is required to pass the constructor. 
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The first parameter is max_features, which is set to 1500. The reason is that when we convert the 

words into numbers the approach is using we are it is a bag of words approach, in this approach 

all unique words in the documents are converted into features.  

Each record contains over 1000 unique words. However, there are no parameters for 

classifying files into files with frequency. We place the parameter that was max_future to 1500 so 

we utilize 1500 phrases. The next parameter used is min_df, which can be set to 5. This usually 

means that we contain. Likewise, we place max_fd into 0.7. This means that we only include 

words that occur in at least 5 papers and contain a maximum of 70% of documents. we just 

contain about which words which happen. The cause for this is that it doesn't offer the files with 

information. In the instance of opinion analysis, we eliminate the expression to stop words. 

Words that are closed do not include helpful info. We utilize (Bird et al., 2004) a transformation 

function which puts text files into properties that are numerical [8]. 

 

4.2.2.  TF and TF/IDF 

In the bag of Words, we converted text to numbers. But it has one problem it Assigns the 

score into a word on the base of documents. We resolve This dilemma by using TF/IDF.TF/IDF 

indicates how often there is a word Imported into files. A word TF/IDF expression frequency 

multiplies with the inverse document frequency. 

4.3.  Training and Testing Sets 

We split our data into Testing and training places. For this purpose, we utilize the train 

evaluation divide from sklearn.model_selection library. Therefore, data can be divided into 80%, 

20% testing and training set. 

5. Results and Discussion 

5.1. Analysis of Logistic Regression Using TF/IDF 

Logistic regression is that the model used to model a binary dependent variable. This model 

is still currently estimating the parameters of the logistic model. The regression algorithm in the 

kind of binomial regression. We've scraped at a total of 282,231 testimonials in the Google play 

store. A logistic regression algorithm has been applied by us on various parameters concerning 

TF/IDF. Locate the classification of each class application's truth and in statistical info find 

accuracy, recall, and F1 score is displayed in table 2.  
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Table 2: Results of Logistic Regression Using TF/IDF 

Application Name 
TF/IDF of Logistic Regression 

Precision Recall F1-score Accuracy 

Action 0.64 0.73 0.65 0.73 

Casual 0.69 0.76 0.7 0.76 

Health & Fitness 0.83 0.9 0.85 0.9 

Communication 0.54 0.63 0.55 0.63 

Photography 0.64 0.71 0.64 0.713 

Racing 0.68 0.75 0.67 0.75 

Shopping 0.63 0.71 0.64 0.714 

Sports 0.56 0.63 0.57 0.632 

Art & Design 0.67 0.75 0.68 0.75 

 

Also, we have bar chart visualization of the Logistics Regression algorithm in which series1 

shows the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 4.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.  Results of logistic Regression with TF/IDF 

 

5.2.  Analysis of SGD Classifier Using TF/IDF 

In the convex loss functions Like linear SVM and LR, the Stochastic Gradient Descent (SGD) 

is an Efficient method of discriminative learning of classifiers. From the  Circumstance, the SGD, 

of large scale learning has expected a significant volume of attention. We have scraped total of 

282,231 reviews from the Google play store. We have applied a regression algorithm on 

parameters About TF/IDF. Find the accuracy of classification of every category Program and in 

statistical information find recall, precision, and F1 score All of these parameters we use to gauge 

the accuracy of this dataset is displayed in Table 3.  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 July 2020                   doi:10.20944/preprints202007.0646.v1

https://doi.org/10.20944/preprints202007.0646.v1


 9 of 22 

 

Table 3.  Results of SGD Classifier Using TF/IDF. 

 

 

 

 

 

 

 

 

 

 

 

 

Also, we have bar chart visualization of SGD Classifier algorithm in which series1 shows 

the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.  Results of SGD Classifier using TF/IDF 

5.3. Analysis of K-Neighbor Classifier Using TF/IDF 

The k-nearest neighbour algorithm (k-NN) is a non-parametric strategy employed for 

classification and regression in pattern recognition. We've made a total of 282,231 reviews from 

the Google play store. A logistic regression algorithm has been applied by us on various 

parameters regarding TF/IDF. Locate the truth of classification of each class application and in 

information find accuracy, recall, and F1 score all parameters we use to gauge the accuracy of the 

dataset are displayed in Table 4. 

 

 

Application Name 
TF/IDF of SGD Classifier 

Precision Recall F1-score Accuracy 

Action 0.65 0.74 0.67 0.73 

Casual 0.73 0.76 0.69 0.76 

Health & Fitness 0.83 0.9 0.85 0.9 

Communication 0.54 0.62 0.55 0.62 

Photography 0.63 0.71 0.63 0.711 

Racing 0.68 0.74 0.65 0.741 

Shopping 0.63 0.71 0.63 0.712 

Sports 0.56 0.63 0.54 0.63 

Art & Design 0.67 0.75 0.68 0.75 
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Table 4. Results of K-Neighbor Classifier Using TF/IDF 

Application Name  TF/IDF of K-Neighbors Classifier 

Precision Recall F1-score Accuracy 

Action 0.58 0.66 0.61 0.66 

Casual 0.64 0.71 0.66 0.71 

Health & Fitness 0.82 0.89 0.85 0.89 

Communication 0.44 0.53 0.45 0.53 

Photography 0.56 0.63 0.58 0.63 

Racing 0.62 0.68 0.64 0.68 

Shopping 0.56 0.63 0.57 0.63 

Sports 0.48 0.57 0.5 0.57 

Art & Design 0.6 0.69 0.63 0.693 

 

Also, we have bar chart visualization of K-Neighbors Classifier algorithm in which series1 

shows the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown below in Figure 6. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.  Results of K-Neighbor Classifier Using TF/IDF 

5.4. Analysis of Logistic Regression Using Bigrams 

Logistic Regression is the model used to model a binary dependent variable. This model is 

estimating the parameters of the logistic model. The Logistic Regression algorithm in the kind of 

binomial regression. We've scraped total of 282,231 testimonials in the Google play shop. We 

have applied a Logistic Regression algorithm on parameters regarding Bigram. Locate the 

Accuracy of classification of every category program and in statistical Information find accuracy, 

recall, and F1 score to Assess the accuracy of the dataset is displayed in Table 5.  
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                       Table 5.  Results of Logistic Regression Using Bigrams 

Application Name 
Bigram of Logistic Regression 

Precision Recall F1-score Accuracy 

Action 0.65 0.72 0.66 0.72 

Casual 0.69 0.76 0.7 0.76 

Health & Fitness 0.86 0.9 0.87 0.9 

Communication 0.52 0.61 0.54 0.61 

photography 0.6 0.7 0.63 0.7 

Racing 0.64 0.74 0.66 0.74 

Shopping 0.61 0.7 0.63 0.7 

Sports 0.59 0.64 0.59 0.64 

Art & Design 0.66 0.73 0.68 0.73 

 
Also, we have bar chart visualization of the Logistics Regression algorithm in which series1 

shows the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 7. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.  Results of Logistic Regression Using Bigrams 

 

5.5 Analysis of SGD Classifier Using Bigrams 

From the convex loss functions like linear SVM and LR, the Stochastic Gradient Descent 

(SGD) is an efficient method of discriminative learning of linear classifiers. From the context of 

learning, the SGD has received a quantity of concentration. We have scraped total of 282,231 

testimonials from the Google play store. We have implemented a regression algorithm. Locate 

the classification of each class application's truth and in information find precision, recall, and F1 

score these all parameters we use to assess the accuracy of this dataset is displayed in Table  6. 
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Table 6.  Results of SGD Classifier Using Bigrams 

Application Name Bigram of SGD Classifier 

Precision Recall F1-score Accuracy 

Action 0.64 0.71 0.65 0.7 

Casual 0.69 0.77 0.7 0.77 

Health & Fitness 0.85 0.88 0.86 0.88 

Communication 0.53 0.6 0.55 0.6 

Photography 0.62 0.69 0.64 0.69 

Racing 0.64 0.74 0.67 0.741 

Shopping 0.61 0.68 0.63 0.68 

Sports 0.57 0.61 0.57 0.61 

Art & Design 0.68 0.72 0.69 0.723 

 

Also, we have bar chart visualization of SGD Classifier algorithm in which series1 shows 

the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 8. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Results of SGD Classifier Using Bigrams 

5.6 Analysis of K-Neighbor Classifier Using Bigrams 

The K-nearest neighbour algorithm (KNN) is a non-parametric strategy employed for 

classification and regression in pattern recognition. We have made a total of 282,231 reviews in 

the Google play store. We've got Applied a regression algorithm on parameters Bigram. Locate 

the accuracy of classification of every category program and in Statistical information detect 

score, recall, and accuracy these all Parameters we use to measure the accuracy of this dataset is 

shown in Table 7. 
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Table 7.  Results of K-Neighbor Classifier Using Bigrams 

Application Name 
Bigram of K-Neighbors Classifier 

Precision Recall F1-score Accuracy 

Action 0.57 0.65 0.6 0.65 

Casual 0.65 0.74 0.68 0.74 

Health & Fitness 0.83 0.89 0.85 0.89 

Communication 0.4 0.43 0.4 0.43 

Photography 0.58 0.68 0.61 0.68 

Racing 0.61 0.68 0.63 0.68 

Shopping 0.56 0.63 0.58 0.63 

Sports 0.49 0.55 0.5 0.554 

Art & Design 0.61 0.71 0.64 0.71 

 
 

Also, we have bar chart visualization of K-Neighbors Classifier algorithm in which series1 

shows the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 9. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.  Results of K-Neighbor Classifier Using Bigrams 

5.7 Analysis of Logistic Regression Using Trigrams 

Logistic Regression is the model used to model a binary dependent variable. This model is 

currently estimating the parameters of the model. The logistic Regression algorithm is your kind 

of regression. We have scraped against total 282,231 reviews from the Google play store. Logistic 

regression has been applied by our Algorithm on various parameters regarding Trigram. Find 

the accuracy of Classification of each class application and in information find Precision, recall, 

and F1 score these all parameters we use to quantify the accuracy of this dataset is displayed in 

Table 8. 
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    Table 9.  Results of Logistic Regression Using Trigrams 

Application Name 
Trigram of Logistic Regression 

Precision Recall F1-score Accuracy 

Action 0.63 0.71 0.64 0.71 

Casual 0.69 0.76 0.7 0.76 

Health & Fitness 0.85 0.9 0.87 0.9 

Communication 0.51 0.6 0.53 0.6 

photography 0.6 0.7 0.62 0.7 

Racing 0.65 0.73 0.66 0.732 

Shopping 0.59 0.68 0.61 0.68 

Sports 0.58 0.62 0.57 0.623 

Art & Design 0.66 0.73 0.67 0.73 

 

Also, we have bar chart visualization of Logistics Regression algorithm in which series1 

shows the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 10. 

 

 

 

 

 

 

 

 

 

 

 

Figure 10.  Results of Logistic Regression Using Trigrams 

5.8 Analysis of SGD Classifier Using Trigrams 

It's a proficient approach from the convex loss function for example linear SVM and LR that 

the Stochastic Gradient Descent (SGD) would be to discriminative learning of linear classifiers. 

From the circumstance of learning, the SGD has obtained a quantity of focus. We've made a total 

of 282,231 testimonials from the Google play shop. A regression algorithm has been 

implemented by us. Locate the accuracy of classification of every application's and in statistical 

information to find accuracy, recall, and F1 score is displayed in Table 9. 
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                      Table 8.  Results of SGD Classifier Using Trigrams 

Application Name 
Trigram of SGD Classifier 

Precision Recall F1-score Accuracy 

Action 0.62 0.69 0.64 0.69 

Casual 0.68 0.76 0.7 0.76 

Health & Fitness 0.83 0.9 0.86 0.9 

Communication 0.51 0.6 0.53 0.6 

Photography 0.6 0.7 0.63 0.7 

Racing 0.58 0.66 0.6 0.66 

Shopping 0.61 0.68 0.62 0.68 

Sports 0.53 0.59 0.55 0.593 

Art & Design 0.67 0.72 0.69 0.722 

 

 

Also, we have bar chart visualization of SGD Classifier algorithm in which series1 shows 

the precision, series2 shows the Recall, series3 shows the F1 score, and series4 shows the 

accuracy as shown in Figure 11. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11.  Results of SGD Classifier Using Trigrams 

5.9 Analysis of K-Neighbor Using Trigrams 

The non-parametric method that's a k-nearest neighbour algorithm (k-NN) is a 

non-parametric method that's employed for classification and regression in pattern recognition. 

We've made a total of 282,231 testimonials from the Google play shop. A regression algor ithm 

has been implemented by us. Locate the accuracy of classification of every application's and in 

the advice that is statistical find accuracy, recall, and F1 score is displayed in Table  10. 

 

 

         Table 9.  Results of K-Neighbor Using Trigrams 

Application Name Trigram of K-Neighbors Classifier 
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Precision Recall F1-score Accuracy 

Action 0.54 0.64 0.57 0.64 

Casual 0.6 0.52 0.55 0.52 

Health & Fitness 0.83 0.9 0.85 0.9 

Communication 0.46 0.54 0.47 0.54 

Photography 0.59 0.68 0.62 0.681 

Racing 0.61 0.7 0.64 0.703 

Shopping 0.55 0.63 0.57 0.631 

Sports 0.47 0.55 0.49 0.552 

Art & Design 0.62 0.71 0.64 0.71 

 

Also, we have bar chart visualization of the K-Neighbors Classifier algorithm in which 

series1 shows the precision, series2 shows the Recall, series3 shows the F1 score, and series4 

shows the accuracy as shown in Figure 12. 
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of K-Neighbors 

Classifier Using 

Trigrams 

 

 

 

 

 

 

 

 

Comparative Results and Analysis  
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Category 

Action 0.64 0.65 0.58 0.73 0.74 0.66 0.65 0.67 0.61 0.73 0.73 0.66 

Casual 0.69 0.73 0.64 0.76 0.76 0.71 0.7 0.69 0.66 0.76 0.76 0.71 

Health & 

Fitness 
0.83 0.83 0.82 0.9 0.9 0.89 0.85 0.85 0.85 0.9 0.9 0.89 

Communi

cation 
0.54 0.54 0.44 0.63 0.62 0.53 0.55 0.55 0.45 0.63 0.62 0.53 

Photograp

hy 
0.64 0.63 0.56 0.71 0.71 0.63 0.64 0.63 0.58 0.713 0.711 0.63 

Racing 0.68 0.68 0.62 0.75 0.74 0.68 0.67 0.65 0.64 0.75 0.741 0.68 

Shopping 0.63 0.63 0.56 0.71 0.71 0.63 0.64 0.63 0.57 0.714 0.712 0.63 

Sports 0.56 0.56 0.48 0.63 0.63 0.57 0.57 0.54 0.5 0.632 0.63 0.57 

Art & 

Design 
0.67 0.67 0.6 0.75 0.75 0.69 0.68 0.68 0.63 0.75 0.75 0.693 

 

Table 11. Comparative analysis of proposed Machine Learning Algorithms using Bigrams 
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Action 0.65 0.64 0.57 0.72 0.71 0.65 0.66 0.65 0.6 0.72 0.7 0.65 

Casual 0.69 0.69 0.65 0.76 0.77 0.74 0.7 0.7 0.68 0.76 0.77 0.74 

Health & 

Fitness 
0.86 0.85 0.83 0.9 0.88 0.89 0.87 0.86 0.85 0.9 0.88 0.89 

Communi

cation 
0.52 0.53 0.4 0.61 0.6 0.43 0.54 0.55 0.4 0.61 0.6 0.43 

Photograp

hy 
0.62 0.62 0.58 0.7 0.69 0.68 0.63 0.64 0.61 0.7 0.69 0.68 

Racing 0.64 0.64 0.61 0.74 0.74 0.68 0.66 0.67 0.63 0.74 0.741 0.68 

Shopping 0.61 0.61 0.56 0.7 0.68 0.63 0.63 0.63 0.58 0.7 0.68 0.63 

Sports 0.59 0.57 0.49 0.64 0.61 0.55 0.59 0.57 0.5 0.64 0.61 0.554 

Art & 

Design 
0.66 0.68 0.61 0.73 0.72 0.71 0.68 0.69 0.64 0.73 0.723 0.71 

 

 

Table 12.  Comparative analysis of proposed Machine Learning Algorithms using Trigram 

Application 
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Action 0.63 0.62 0.54 0.71 0.69 0.64 0.64 0.64 0.57 0.71 0.69 0.64 

Casual 0.69 0.68 0.6 0.76 0.76 0.52 0.7 0.7 0.55 0.76 0.76 0.52 

Health & 

Fitness 
0.85 0.83 0.83 0.9 0.9 0.9 0.87 0.86 0.85 0.9 0.9 0.9 

Communi

cation 
0.51 0.51 0.46 0.6 0.6 0.54 0.53 0.53 0.47 0.6 0.6 0.54 

Photograp

hy 
0.6 0.6 0.59 0.7 0.7 0.68 0.62 0.63 0.62 0.7 0.7 0.681 

Racing 0.65 0.58 0.61 0.73 0.66 0.7 0.66 0.6 0.64 0.732 0.66 0.703 

Shopping 0.59 0.61 0.55 0.68 0.68 0.63 0.61 0.62 0.57 0.68 0.68 0.631 

Sports 0.58 0.53 0.47 0.62 0.59 0.55 0.57 0.55 0.49 0.623 0.593 0.552 

Art & 

Design 
0.66 0.67 0.62 0.73 0.72 0.71 0.67 0.69 0.64 0.73 0.722 0.71 

 

This online marketplace provided free and paid access to users. On the Google Play store, 

users can choose from over a million apps from various predefined categories. In this research, 

we have scraped 506259 reviews from 14 different categories of Google play store application. 

Evaluated the results by using different machine learning algorithms like Logistic Regression 

algorithm on different parameters concerning Bigram. That can check the semantics of reviews 

about some applications form users that their reviews are good, bad, normal and so on. 

Calculation of Bigram using different parameters like precision, recall, accuracy and F1 score the 

concluded results compared to the statistical result of these algorithms. After comparison, 

analyzed that the logistic regression algorithm is the best algorithm for checking the semantic 

analysis of any Google application user’s reviews as shown in the above comparative analysis. 

6. Conclusion and Future Work  

Today’s world Google play store has become the major hub for downloading and uploading 

Android application. The Android application users download these applications for their 

personal use. Each user of the application has their own experience with the application. Users 

download and use these applications and express the experience of the application in the shape 

of comments or reviews, also give a rating to this application on the scale of 0 -5. In this research 

work, we have scrapped 251661 user reviews through different data scraping techniques in an 

evaluated result of this research, we have applied text classification on our dataset after 

preprocessing. In our research to find the accuracy, recall, precision, F1 score we are using 

different machine learning algorithms. After a comparison of the different attributes, we have 

also found the best algorithm which has the best accuracy.  

In the future, increase the category of applications and increase the number of reviews. 

Compare the logistic regression algorithm accuracy results with other different algorithms. 

Generate clusters and check the relationship between reviews and ratings of the application that 

can analyze each application more precisely. 
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