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Abstract 

Google play store consists of millions of applications and several thousand apps are added on the 
play store every day. The competition is so fierce that it is really difficult for the developers to find out 

whether the app that is the product of his hard work is going to be successful or not. The main goal of 

the study is to create a tool that helps developers and organizations to understand the current trends 

in the Play Store and the user bias for applications and utilize the data for making optimal decisions 
regarding their upcoming app. The success of an app can be determined by factors like ratings, 

number of installs and reviews. In this study we demonstrate using applied exploratory data analysis 

to discover correlaations among features of an app and direct contribution of features towards 
success of the app to predict which apps will succeed. Data from Google Play Store was used to train 

various supervised learning models for prediction of the rating of an app, the models being-Random 

Forest, Support Vector Machine and Linear Regression. The user reviews are used to learn input bias 

of users towards applications using natural language processing techniques. Data of reviews is used 
to train classification models to predict polarity and sentiment of reviews. 
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INTRODUCTION 

It has been observed that the significant growth of the mobile application market has a great impact 
on digital technology. Mobile app industry is booming in a significant way and thus this is giving rise 

to more competition among the developing community, those who create applications. This is kind of 

a threat to each individual developer as a greater number of competitions will increase the chance of 
degrading the value of their app in the store. Therefore, even if an app is launched and has reached a 

standard rating along with a strong number of installs, it is not enough to retain their position in the 

Play store forever because there will be many other apps which will be providing the end-users with 

exactly the same features or even better. Having said that, with the ever-growing mobile app market 
there is also a notable rise of mobile app developers; eventually resulting in sky-high revenue by the 

global mobile app industry. With immense competition from all over the globe, it is imperative for a 

developer to know that he is proceeding in the correct direction. To retain this revenue and their place 
in the market the app developers might have to 

find a way to stick into their current position. The 

Google Play Store is found to be the largest app 

market in the world. It has been observed that 
although it generates more than double the 

downloads than the Apple App Store, it makes 

only half the money compared to the App Store. 
So, we scraped data from the Play Store to conduct 

our research on it. Recently, a good number of 

researches have been made on this data that we 

will discuss in Literature of Review [1, 2]. 
 

LITERATURE REVIEW 

In a research Abdul Mueez, the author scraped 

data from the Google Play Store to extract as many 
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features as possible using a web crawler ‘scrapy’ and used the data to train three models to predict the 

success of an application [3, 4]. To predict success metrics of an app, revenue should be the key 

feature but as it is not found publicly, the author used the number of installations and average user 

rating, trained linear model to categorize whether an app will be successful or not and additionally 

used linear regression to predict the average rating of a system [5]. A system developed by Google 

also works on the updates. Thus they tracked/mined the data everyday for the application rating and 

based their analysis around it [2]. 

 

PROPOSED SYSTEM 

The proposed system is based on supervision which states that the numeric rating as in the learning 

technique where the model is trained using stars given by users have a huge difference than examples 

with labels. The data set is divided into two compared to the reviews given by them thus a rating parts 

of 70–30, 75–25, 80–20 or even 85–15. The system has been proposed by the author which is greater 

in the training set on which the model is removed to stabilize created by the mismatch of trained and 

the smaller set is the testing set on the rating and respective review by the same user. It has been seen 

that how much we as users are dependent on others’ opinion while taking any decision; so according 

to the author, people install the app based on the rating that is given for that particular app. Here the 

author describes the problem by dividing it into two sub-problems. Firstly, the ambiguity and 

secondly it is the biases to the summarized rating of the users. Further explaining the problem, he 

added that earlier people used to only extract the rating from the comments rather including the star 

rating associated with it. To solve the problems, he proposed a system that will initially conduct 

sentiment analysis on the user reviews and will generate a numeric rating from the polarity. 

 

In another paper by Ruiz [1], the author mined the data of the play store everyday in the year 2011. 

They mined the ratings of the applications along with the number of people that have rated the 

applications. They were hard set on the analysis based on the ratings of the applications and were 

picky enough to choose only those applications that were rated by a large number of people. They 

removed the data about the applications with few ratings. They wanted to capture the user’s 

satisfaction with the application throughout a certain period where the applications are received which 

were once the model is trained tested upon to see the accuracy of the prediction. The data set, scraped 

from the play store contains 9659 unique applications data fields and over 64000 reviews. 

 

Implementation 

The dataset which my group has utilized has over 10,000 entries and for sentiment analysis the data 

set has over 150,000 entries as represented by Figure 1. 

 

 
Figure 1. Sample of dataset. 
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This is what the initial dataset looks like. The dataset has various fields which need to be cleaned 

and all the category types have been converted to numeric form which makes it easy to compare them. 

The type category which contains data about the application being free or paid is also converted to 

numeric-free (1) and paid (0). 

 

Data Processing 

While transforming the data from text to numeric form we noticed some discrepancy in the paid 

applications. The most expensive of the applications were placed at 250$!! Therefore we had a look at 

these applications and found out that they were motiveless status quo apps with no real use or 

meaning. Hence we decided to delete them from the data since they are unimportant and created a 

heavy bias in the average pricing of applications. Figure 2 shows these applications. 

 

Exploratory Data Analysis 

After processing the data and visualizing the data in the form of graphs and charts, here is the 

generated output obtained from the analysis of the data. 

 

The graph in Figure 3 provides the frequency distribution of the applications in various different 

categories. 

 

 
Figure 2. Application updates. 

 

 
Figure 3. Frequency distribution of apps. 
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The graph in Figure 4 shows the distribution of the frequency of the applications according to their 

rating. 

 

The bar chart in Figure 5 shows the frequency distribution of the applications in a grouped fashion 

according to their number of installs. 

 

The bar chart in Figure 6 shows the numbers of installs of the applications category-wise. 

 

Figure 7 plots the ratings of an application against their price, and it can be observed that most 

applications are priced between $1 and 30. 

 

The bar chart in Figure 8 shows the frequency distribution of the free applications and the paid 

applications categorically. 

 

Figure 9 plots the size of an application against their ratings, and it can be observed that highly 

rated applications are small in size. 

 

 
Figure 4. Frequency distribution according to ratings. 

 

 
Figure 5. Grouped Fashion Chart.  
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Figure 6. The bar chart. 
 

 
Figure 7. Plotting of ratings. 
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Figure 9. Representation of size of application. 

 

 
Figure 10. Apps according to their sizes. 

 

The chart in Figure 10 shows the frequency distribution of the application according to their sizes 

categorically. 

 

The bar charts in Figure 11 shows the frequency distribution of the applications in various 

categories according to their ratings. 
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Figure 11. Frequency distribution of apps in various categories. 

 

 
Figure 12. Pie chart. 

 

The pie chart in Figure 12 tells us that free apps completely overshadow paid apps, both in terms of 

number of apps and installs. Free apps enjoy a dominating market share of about 92%. However some 

of the applications that are paid are also included in the free category because their demo or trial 

92.2% 

7.83% 
Free

Paid



 

Journal of Open Source Developments 

Volume 8, Issue 1 

ISSN: 2395-6704 

 

© STM Journals 2021. All Rights Reserved 19  
 

versions are free to install. Subscription apps like Netflix and Crunchy roll are also free to download, 

it is only that usage of their service which is actually chargeable. However this does not create any 

bias in the data set as the number of such apps is very insignificant. 

 

The logarithmic box graph in Figure 13 shows that even though free apps are more readily available 

they are not downloaded all that much since the gap between the number of downloads is not huge. 

This also tells that all the paid apps are very useful or in some cases, very essential services [6, 7.] 

 

 
Figure 13. Number of downloads. 
 

 
Figure 14. Difference of ratings. 

 

Another logarithmic box graph in Figure 14 shows the difference of the ratings between the free 

and paid application. From the above graph, it can be observed that the both categories are pretty 

much equal when it comes to the rating which suggests there is not much difference of quality in these 

applications. Although we can note that the low for free apps is lower in comparison to the paid apps 

which suggests that people are generally harsher while rating a free app compared to when rating a 

paid app. 
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The last logarithmic box graph in Figure 15 compares the sentiment of the reviews received by both 

types of applications. Free apps receive a lot of harsh comments which are indicated as outliers on the 

negative Y-axis. Users are more lenient and tolerant while reviewing paid apps-moderate choice of 

words. They are never extremely negative while reviewing a paid app. This proves that users' opinions 

are more biased towards the paid application than the free application. 

 

From the Figure 16 we can derive that most used words in a review in a positive manner are 

GOOD, LOVE, BEST, GREAT. While most used words in a negative manner are PROBLEM, AD, 

FIX, ISSUE. 

 

For a detailed look at the sentiments regarding types of application we can see a clear bias when it 

comes to paid apps. A box plot of sentiment polarity comparing free apps to paid apps as shown below. 

 

 
Figure 15. Logarithmic box. 

 

 
Figure 16. Most used words. 
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Figure 17. Sentiment polarity distribution. 

 

Free apps receive a lot of harsh comments which are indicated as outliers on the negative Y-axis. 

Users are more lenient and tolerant while reviewing paid apps-moderate choice of words [8, 9]. They 

are never extremely negative while reviewing a paid app. This proves the observation we made in the 

research where we stated that user opinions are more biased towards paid apps than free apps. 

 

Sentiment Analysis 

For sentiment analysis we used the user reviews dataset on Kaggle which has over 64000 entries of 

reviews for over 1000 applications. The data has many null values, this is due to the fact that users can 

rate an application without writing a descriptive review and that rating is still counted as a review 

represented in Figure 17. 

 

Therefore we have to drop these rows as they create a heavy bias in prediction of the polarity 

rating. The new data set has about 38000 entries in total [8]. 

 

The reviews are full-fledged grammatical sentences with punctuations, pronouns, etc. We perform 

operations on the dataset to first convert all reviews to lowercase and then remove any special 

characters i.e., ‘$, #, !, @, ()’. 

 

Then we created a word cloud to observe the frequency of words in the reviews. The figure in this 

research word cloud used in this project. 

 

Prediction 

We have discussed the ratings of an application being the most important parameter which directly 

indicates success of the application. In this section, we predict the average ratings of all the apps on 

the play store using all the important numerical parameters such as number of reviews, size, number 

of downloads, price, etc. [6]. 

 

Since ratings are a continuous parameter we use regression methods for determination. We use 

various models such as Linear Regression, Support Vector Machine and Random Forest Regression 
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for our calculations. We also calculate the losses produced by these methods, we use three metrics for 

error calculation namely MAE (mean absolute error), MSE (mean square error), and MSLE (mean 

squared log error). 

 

Linear Regression 

The Linear regression model performs fairly well on the play store dataset [4]. The model was run 

with a test size of 33% on a dataset of 9360 entries. The predicted value very closely resembles the 

ground truth. The Figure 17 plots the predicted ratings of the applications versus the actual ground 

truth. As we can observe in Figures 18 and 19, there is a lot of deviation in ratings between 4 and 4.2 

but higher up in the graph the deviation is significantly low. 

 

 
Figure 18. Mean Rating: 4.190023855763878. 

 

 
Figure 19. Mean Ratings: 4.272760678920066. 



 

Journal of Open Source Developments 

Volume 8, Issue 1 

ISSN: 2395-6704 

 

© STM Journals 2021. All Rights Reserved 23  
 

Support Vector Machine 
At first, simple SVM was fit with the training data. However, due to the non-linearly separable 

nature of the data, the accuracy obtained was slightly lower than the linear model. Upon extensive 
runs with different test-train splits, the results were still less accurate than the other two models. SVM 
performed the worst on the Google play store data set. 
 

Random Forest Regressor 
Random Forest Regressor is an ensemble method that has characteristics of both regression and 

classification models. Random forest is a bagging technique and not a boosting technique. The trees in 
random forests are run in parallel. There is no interaction between these trees while building the trees. 
It operates by constructing a multitude of decision trees at training time and outputting, the Support 
Vector Machine on the contrary provides class that is the mode of the classes (classification), the 
highest degree of error when predicting on or mean prediction (regression) of the individual, the 
Google play store on dataset.trees. Therefore it is expected to perform the best among the three 
models we used in the study. The ratings predicted by the random forest method are closest to the 
ground truth; it performs the best on the Google play store dataset as shown in Figure 20. 

 

Error Comparison 
Figure 21 is the comparison of error calculations of all three models. We can observe that the 

Random forest model produces the lowest error on all three metrics of error calculation. 
 
CONCLUSION 

Free applications dominate the Play Store market and it will be like this the coming years. Even 
though free applications dominate the market, the number of downloads of the paid applications is 
very close to the number of downloads of the free applications. Both free and paid applications are 
equally rated based on their performance. Not just the price but size of an application is also critical 
factor in the making and breaking of an application. The highly rated ones will always will be the 
small and medium sized applications, and if you want to launch a large application, you must have a 
solidifying feature to justify its large size. From the sentiment analysis, we can observe that users 
really care about the performance of the paid app and are willing to help in their improvement by 
providing useful reviews and comments. Large proportions of the users do not really care about the 
performance of the free applications as they can be deleted without a second thought if they do not 
perform well. 

 

 
Figure 20. Mean Ratings: 4.1765151353276355. 
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Figure 21. Comparison of error of three models. 
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