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Abstract—At the present time, mobile apps play an imperative role in everyone's life. Thousands of apps are being put
on the Play Store market for users to install every day. But the life of the app on the Play Store depends on its success
parameters. As there is substantial growth in the mobile app market, the competition among software app developers has
also increased. Several attributes of an app, attributes that are either internal or external to it, can perform a substantial
role in deciding whether the app will be successful or not. In this research paper, an effort has been made to find the success
factors that may affect the success of the app. For this, a literature survey is first conducted to find these success factors, and
then a survey is conducted through an online questionnaire from mobile app users. Findings from the survey corroborate
that out of 14 identified success factors, the security of on app plays a pivotal role. After that, design quality and content
quality equally play another major role in the success of an app. The mobile app reviews/input collected via the survey are
further utilized as influencers/predictors in predicting the overall success of an app using Machine learning algorithms. To
achieve this, various Machine Learning algorithms are applied using “Python web-based interactive Jupiter Notebook 7.0.8”".
The accuracy of the final selected model is 96%, which is the highest accuracy among many existing models in the literature.
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INTRODUCTION

The use of mobile technology has boomed all over the world
in the last 20 years. As the demand for mobile devices has
drastically increased in the last two decades, the mobile app
development and deployment on respective app stores of
mobile device has also amplified. Unlike many other mobile
0S, Android apps play a major role in the mobile software
industry. Google Play Store on Android mobile devices
provides access to millions of apps to work on. Daily, this
platform is flooded with an enormous number of fresh
apps. Developers of these apps are in anticipation that their
hard work should not be in vain and try to build an app that
will be successful in this competitive market. It would be
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beneficial for the developers to know in advance if their app
will be successful or not before uploading it to the Google
Play Store. It would prove to be highly advantageous for
developers to have a method that can aid in predicting the
success possibility of an application.

The success of an app can be ascertained by features like
ratings, number of installs, and reviews rather than the
revenue it generates. Generally, many apps in the Play Store
are not charged; the revenue generated by subscriptions,
in-app purchases, and in-app advertisements is practically
unknown. Although many apps are added to the Play Store
daily, only a few apps achieve their monetary benefits and
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endure in their respective competitive marketplaces. It
would be really helpful if the possibility of app success could
be ascertained in advance.

This paper is divided into four sections. After the
introduction in section 1, the methodology adopted in
this paper is presented in section 2. Then in section 3, the
entire process of forming the Research Questions (RQs), the
method adopted for answering the formed RQs, and finally,
the results of the RQs are presented. Section 4 presents the
conclusion and future work.

MATERIAL AND METHODS

The analysis of the survey starts with defining the Research
Questions and the elaboration conduct of the online survey.

DEFINING RESEARCH QUESTIONS AND
CONDUCTING THE SURVEY

The goal of this research is to help developers understand
and predict the app's success on the Play Store. In reaching
this final goal, first, there is a need to identify what forms
the basis. In light of this, three Research Questions (RQs)
are formed:

RQ1. What are the different mobile app success factors?

RQ2. Can success factors affect the mobile app success
prediction process?

RQ3. Is there a way/model to predict an app's success on
the Google Play Store using Machine Learning Algorithms?

The answer to the first RQ is achieved through a literature
survey from existing sources. RQ2 is further answered with
the help of an online survey. For conducting the survey
Google form was created, and a total of 09 questions were
designed to be asked in 2-3 minutes. The questionnaire
is forwarded as a Google form link https://forms.gle/
ke9DK66LTuwwtCVK9 through various
messaging systems to around 1200 users as a volunteer
from 3.07.2024 to 3.10.2024. The response rate was 67 percent.
The questionnaire is added in Appendix A. For accomplishing
RQ3, various Machine Learning algorithms are used. Data sets
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for experimental analysis are collected from various sources
(mostly mobile app developers and freelancers).

RESULTS REPORTING

The results for RQ1, RQ2, and RQ3 are presented in this
section.
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ANSWERING RQ1

After athorough review of existing research in the literature,
some of the success factors were identified for investigation
under this research, thus answering RQ1: -

1. Subjective Norms: The intent to use mobile apps can
be influenced by the opinions of one's friends, and the
adherence to social norms can also impact this decision [1],

(2], [31, [41, [5], [6]:

2. Perceived Compatibility: Compatibility measures the level
of conformity between newly released products [1], [3], [7],

(8], [9]-

3. Perceived Playfulness: The notion of perceived playfulness
pertains to the interaction between users and information
systems, stemming from their focus, inquisitiveness, and
delight.[1], [10], [11], [12], [13].

4. Satisfaction: Satisfaction is obtained through practical
application, which ultimately influences the users' intention
to continue. [1], [8], [9], [14], [15].

5. Perceived Usefulness: This refers to the extent to which an
individual perceives that the utilization of a specific product
or system will improve their job performance [1], [11], [13],
[14], [16],[17], [18], [19].

6. Perceived Ease of Use: This is the extent to which an
individual perceives that utilizing a specific product or
system will be uncomplicated. [1], [10], [13], [17], [20],
[21].

7. Content Quality: Quality of data supplied by Apps [22],
(23], [24], [25].

8. Reliability: Refers to App crashes or any other cause for an
app not working as anticipated [9], [19], [22], [26].

9. Security: It deals with probable harm to personal data,
protection, possible disclosure to deceit, and malicious
action on the web [18], [22], [26], [27], [28].

10. Design Quality: 1t refers to the user interface, i.e., what
users, when they are engaging with your app, see, touch,
and experience on their phone [9], [13], [22].

11. Usefulness: Professed usefulness of the app, its functionality,
and services [18], [19], [22], [29], [30], [31].

12. Performance: 1t indicates how the app is functioning and
how responsive the app is to the end-user [18], [22], [30],
[317, [32].

13. Social Media integration: Allows users to easily share

content with their friends on social networks [9], [13], [33].

14. Regularly updated: 1t means there is a certain system of
mobile app updates that arise out of necessity, such as bug
fixing, new feature releases, and so on [9].
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Fig 1: Influence of Success Factors on Mobile App Success on the Play Store by Respondents
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ANSWERING RQ2

The answer to RQ1 forms the basis for getting an answer to
RQ2. The goal of the online survey is to identify the impact of
various identified success factors on success prediction. The
target audience of this survey is actual users of the mobile
app. Figure 1 presents the influence of success factors on
mobile app success in the Play Store by respondents from
“No Effect” to “Very High Effect”.

The fourteen success attributes/factors identified from the
existing literature are further investigated by mobile app
users via an online survey. The extent of influence of success
factors on mobile app success prediction is collected on a
5-point Likert scale from “No Effect” to “Very high Effect”.
The result of these responses is further used for deriving
weights using weighted average, which is popular and
applied in many studies. [34], [35][36]. The formula for the
weighted average is shown in Eq. (1).

w St w) (1)
/ N
Where W, notes weight assigned to the jth success factor.

w, is the rating assigned to jth success factor in the range 0
to 4, signifying no effect, low, medium, high, and very high
effect. x is the no. of responses for a w, and N is the total
number of responses. The weighted average values for each
success factor using eq. (1) are shown in Table 1. The motive
behind identifying the success factors and their influence on
the success of the app on the Play Store is to assist in the
further understanding of how these factors can impact in
predicting the success using a prediction algorithm. It This
also be noted that the existing research studies on success
prediction methods for mobile apps do on incorporate the
influence of the identified 14 success factors. The author
believes that this research gap can further be investigated
by implementing them in prediction methods and analyzing
the results.

Table 1: Success Factors with Assigned Weights

Sr. No. Success factor Assigned weights
1. Subjective Norms 1.69
2. Perceived Compatibility 2.15
3. Perceived Playfulness 1.95
4. Satisfaction 2.07
5. Perceived Usefulness 2.62
6. Perceived Ease of Use 2.61
7. Content Quality 2.85
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8. Reliability 2.65
9. Security 3

10. Design Quality 2.78
11. Usefulness 2.70
12. Performance 2.76
13. Social Media Integration 2.10
14. Regularly updated 2.51

ANSWERING RQ3
1. Data Collection

In this research work, a mobile app dataset is collected from
three freelancing mobile app developers. The data providers
kept account of the limited variables/features of the mobile
app. However, after approaching them for the required
data (to consider 14 success factors while developing the
app) as per our studies, they were able to keep and share
the data. The dataset had 21 columns and 230 rows (200
after removing outliers). The variables such as App Name,
Category, LOC, APK Size, Avg Rating, Installs, Version, and
Free/Paid are already kept by the developers. The rest of
the variables identified as success factors by the author are
also accounted for as requested. Each of the success factors
is given a score by the developer based on the guidelines in
Table 2.

2. Data Cleaning

The dataset initially had 230 rows (mobile apps). The
duplicate, missing, and inappropriate rows were removed
and leaving 200 rows. The valid data is selected, and the
garbage values are cleaned from the dataset collected from
the developers. Relevant features or attributes required for
success prediction are chosen.

3. Data Pre-processing and Data Selection

Data is prepared for classification to enhance classifier
accuracy, and the Avg Rating column is chosen as the target
variable for success prediction. The following are the
preprocessing tasks performed on the data to prepare for
classification models: -

- Casting of Installs to int, Avg. Rating and Price to
float (and remove $ from Price column).

Encode features (Type, Category) by label encoding
method.

- Replaced the Size column with unified size values
by converting Megabytes and Kilobytes into Bytes,
then normalizing App size values.

- Remove unimportant features like (App Name,
Version, and Last update).
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Table 2: Guidelines for Developers for Scoring the App Success Factors

Sr. No. Variable Description Categories Score
1. App Name Name of the App None
2 Category Category of the app None
3 LOC Line of Code for each app Numeric None
4 APK Size Size of an App in terms of MB Numeric None
5. Avg Rating App Avg rating on the Play Store Numeric None
6 Installs No. of downloads Numeric None
7 Version Android Version supported by the app Numeric None

Yes 1
8. Free/Paid If the app is free on the Play Store or not N 0
o
9. Subjective Norms Was the app sponsored or recommended Yes 1
No 0
10. Perceived Installing the new version of an app on an older version Yes 1
compatibility
No 0
11. Perceived Playfulness Does the app pertain to the users stemming from their focus, Yes 1
inquisitiveness, and delight?
No 0
Is the user willing, after being fully satisfied, to continuously Yes 1
12. Satisfaction use the app in the future
No 0
13. Perceived Usefulness Does the app improve users’ job performance Yes 1
No 0
14. Perceived ease of use Whether the usage of the app is easy or not No 0
Yes 1
15. Content Quality If the user is satisfied with the Content quality of the app or not Yes 1
No 0
16. Reliability If the app completes the Stress test or not Success 1
Fail 0
17. Security Does the app provide a shield against probable harm to Yes 1
personal data or any malicious action?
No 0
18. Design Quality Whether the user is satisfied with the design quality of the Satisfied 1
app or not .
Not Satisfied 0
Yes 1
19. Usefulness Professed usefulness, functionality, and services N 0
o
0-20 Mb Ram & < 1
20 % CPU
0-20 Mb Ram & 2
20%-50% CPU
20. Performance The performance of an app depends on the RAM and CPU 0-20 Mob Ram &> 3
S 50% CPU
utilization of the App
>20 Mb Ram & < 4
20 % CPU
>20 Mb Ram & 20 5
% - 50% CPU
>20 Mb Ram & > 6
50 % CPU
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21. Social Media The app has options with Facebook, Instagram, or another Yes 1
Integration social network

No 0

22. Regularly Updated Whether the app is regularly updated or not Yes 1

No 0

The average rating column is considered as targets/labels
for classifier Models. As App success is based on the average
rating, there is a need to categorize the target as follows

- The Avg rating below 2.0 is considered a failed
application under category (0).

- The Avg rating between 2.0 and 3.0 is considered
a limited success application under category (1).

- The Avg rating above 4.0 is considered a successful
application under category (2).

There were 22 features in the dataset. Only 18 were
selected after understanding the meaning and suitability for
statistical analysis and modeling. The final selected features
are LOC, APK Size, Avg Rating, Installs, Version, Free/
Paid, Subjective Norms, Perceived compatibility, Perceived
Playfulness, Satisfaction, Perceived Usefulness, Perceived
ease of use, Content Quality, Reliability, Security, Design
Quality, Usefulness, Performance, Social Media Integration,
Regularly Updated.

4. Machine Learning Models

Five Machine Learning models were selected as our problem
is a classification problem (success or failure). The selected
ones are as follows:

1. Logistic Regression Classifier [37], LRC is used for
binary classification where the sigmoid function is
used, which takes input as independent variables and
produces a probability value between 0 and 1. Logistic
regression is a technique that is limited to classification
issues. Because it uses the logistic function (Sigmoid) as
the activation function to separate the data into distinct
classes, it can only be taken into consideration for
classification problems, although it shares characteristics
with linear regression. It is a popular technique in
research on classification [38], [39].

2. Naive Bayes Classifier [40], NBC is based on Bayes'
Theorem, which describes the probability of a certain
event, based on prior knowledge of conditions that
might be related to this event. Using Bayes' Theorem
to classify data according to the probability of various
classes given the data's attributes is the fundamental
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concept of the Naive Bayes classifier [41]. The majority
of its applications are in high-dimensional text
classification. Naive Bayes classifiers use the Bayes
theorem to categorize events into classes. They belong
to the category of extremely effective classification
algorithms due to their accuracy and simplicity. Naive
Bayes classifiers classify unknown events by calculating
the likelihood of each class occurring and then choosing
the class with the highest probability. They are regarded
as very efficient supervised classifiers because of
their minimal calculation time and high degree of
accuracy|[42].

. Decision Tree classifier [43], DTC's purpose is to

generate a model that predicts a target based on input
features using Tree models. In these models, leaves
represent class labels, and feature conjunctions that lead
to those class labels are represented by branches. Data
instances and attributes are represented hierarchically in
a Decision Tree (DT). Regression and classification tasks
are both handled by decision trees (DTs). Decisions are
made in decision nodes, and a tree shape is constructed
with a root node as the starting node. A DTC's primary
benefit is the minimal amount of computing time needed
after it is created. However, the primary disadvantage of
the DTC is the determination of the sequences of these
nodes, which can be changed to create multiple DTCs by
altering the root or decision nodes [44], [45] .

. Support Vector Machine classifier[37], SVM is

considered a robust classifier that aims to find an optimal
hyperplane that divides feature space by finding how far
the margin is from the hyperplane, and the traits that are
closest across all classes. Following the classification of
the data and the mapping of the data into hyperspace
using a kernel function, support vectors—the data
points of each class that are nearest to one another—are
assigned in SVM. Consequently, the classification uses a
subset produced by the input data's support vectors to
reduce the separation between the input data points and
the hyperplane [46].

. Gradient Boosting Classifier [47], Another type of

tree-based ensemble machine learning algorithm after
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the Decision Tree classifier is gradient boosting. GBC is
a powerful boosting algorithm that combines several
weak learners into strong learners, in which each new
model is trained to minimize the loss function. By taking
into account the loss experienced by the weak learners,
who are also Decision Trees, it maximizes the outputs.
A freshly built or altered Decision Tree is added to use a
gradient descent approach to minimize the overall loss.
The gradient boosting approach works well for tasks
involving classification and regression [48], [49].

. Prediction: The ML models are used to fit the model and
predict the values after splitting the dataset into training
(75%) and testing (25%). The time (in seconds) is also
recorded for each classifier to compare the performance
metric.

. Performance Evaluation: For performance evaluation,
the Fl-score accuracy data instances and attributes

are represented hierarchically in a DT. Regression and
classification tasks are both handled by decision trees
(DTs). Decisions are made in decision nodes, and a tree
shape is constructed with a root node as the starting
node. A DT's primary benefit is the minimal amount
of computing time needed after it is created. However,
the primary disadvantage of the DT is the determination
of the sequences of these nodes, which can be changed
to create multiple DTs by altering the root or decision
nodes [30], [50], [51] measure is used, which ranges
from 0.1 to 1.0. For the reliability of the models, K-fold
cross-validation [50] is used.

The results in Table 3 for F1l-scores show that the best
prediction accuracy is for Logistic Regression, Gaussian
Naive Bayes, and the SVC ML classifier with 96% accuracy.
Performance-wise wise Gradient Boosting succeeded with
0.0082 seconds, making it the fastest training algorithm
among the other four algorithms.

Table 3: Accuracy Measure of the ML Classifiers using F1-Score

F1-Scores Time Elapsed
Machine Learning Classifiers Training Testing Training Testing
Logistic Regression 0.9067 0.9600 0.0291 0.0122
Gaussian Naive Bayes 0.9067 0.9600 0.0175 0.0130
Decision Tree 1.000 0.800 0.0172 0.0093
SvC 1.000 0.9600 1.0140 0.0224
Gradient Boosting 1.000 0.9200 0.2539 0.0082

F1-Score For Each Classifier

Score
B Train Score
I Test Score

Values

Classifier

Train/Test Time For Each Classifier
0.8 4

Time

07 4 B Train Time
B Test Time
0.6
05 1

0.4

Seconds

0.3 A

02 4

0149

Classifier

Fig. 2: Comparison of Machine Learning Classifiers
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The cross-validation technique is used to test the classifier’s

reliability in this study. Cross-validation divides the training
data into k parts (k=10 in this implementation), then uses 9
parts as a training dataset and tests with the remaining part
(validation dataset). This operation is repeated 10 times,
then the final result is the average score of 10 trials. The
results of cross-validation are presented in Table 4. Logistic
Regression and SVC, again, prove that they are the most
reliable classifiers with mean scores of 0.91.

Table 4: ML Classifiers Reliability Measure using Cross-
Validation
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Machine Learning Classifiers | Training | Testing
Logistic Regression 0.910 0.910
Gaussian Naive Bayes 0.880 0.90

Decision Tree 1.00 0.850
SvC 1.000 0.910
Gradient Boosting 1.000 0.90

Average F1-Score For Cross-Validation For Each Classifier
1.0 4

Score
B Train Score

08 4 BN Test Score

0.6

Avr. Score

04 -

0.2 4

Classifier

Fig. 3: Cross-Validation Score for ML Classifier

CONCLUSION AND FUTURE WORK

This study report presents the current state-of-the-art for
success prediction of mobile app software before its launch
on the Play Store. 14 critical success factors of mobile apps
that play a very important role in their success on the
Play Store are identified in the literature and are further
investigated through an online survey of various mobile
app users. The research gap indicates that critical success

factors are currently not considered by existing approaches
to predict success. There is no formal model that solely
reflects these factors. This study successfully implemented
machine learning models (using Python Jupyter Notebook
7.0.8) to predict the ‘Average rating’ of an app as a success
predictor. A developer can now first predict whether an
app will be successful, limited successful, or failed, with
a given set of features, after being uploaded to the Google
Play store. The accuracy of the final selected model is 96%,
which is the highest accuracy among many existing models
in the literature. In the future, to further enhance the
model accuracy, one can try to tune classifier parameters
instead of using default values or try a Neural Network for
classification.
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