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performance are critical factors for developers and consumers
alike. This study aims to provide a structured framework for
analyzing mobile application research conducted between 2019
and 2023, categorizing efforts into predictive analytics, user
sentiment analysis, and feature prioritization to streamline the
processes of application selection and development. The
proliferation of mobile apps and diverse user needs have created
a complex environment, with users struggling to identify suitable
applications and developers facing challenges in ensuring
functionality and profitability. This comprehensive review
synthesizes findings from the past four years, proposing an
integrated structure to leverage predictive analytics for
anticipating user needs, user sentiment analysis for
understanding customer preferences, and feature prioritization
for optimizing application development. By adopting this holistic
approach, the research aims to enhance the selection process for
users and improve the overall performance and profitability of
mobile applications.
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I. Introduction

A Mobile Application, also known as an app, is a software application designed to operate on
mobile devices such as smartphones and tablets. These apps are designed to provide users with
various features, such as entertainment, productivity, communication, and usefulness. Mobile apps
are commonly acquired and set up from online marketplaces like the Apple App Store for iOS gadgets
or Google Play Store for Android gadgets. Utilizing the power of mobile hardware and operating
systems to provide a personalized and engaging experience that is optimized for mobile device
limitations and strengths.

Mobile Application Implementation refers to the proportion of how successfully and proficiently a
portable application works and conveys its planned usefulness on different cell phones. It
encompasses several key aspects such as responsiveness, speed, stability, resource usage, and user
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experience. Performance issues in mobile applications can lead to user dissatisfaction, increased
battery consumption, slower response times, and even app crashes. Optimizing mobile application
performance involves various strategies such as code optimization, efficient resource management,
minimizing network usage, and leveraging platform-specific optimizations. Performance testing is
vital for pinpointing bottlenecks and areas needing enhancements across the development cycle [1].

Creating mobile apps is a constantly changing field that adapts to new technologies and shifting
user needs. Creating successful mobile applications that engage users effectively requires a blend of
technical knowledge, creative design, and a thorough understanding of the target audience[2] . Over
the last decade, mobile apps have surged in popularity, providing users with numerous features that
bring amusement, convenience, and thrill to their daily routines. From shopping on the web to
requesting food, messing around, and overseeing wellbeing, these applications have become
irreplaceable. However, not all applications are reliable or useful shows that, over 2.5 billion people
use smartphones, and more than twelve million developers have created applications for them [3].
More and more mobile software companies are joining the trend, offering countless mobile
applications. The two major competitors in this market are the Apple Store (for i0S) and Google Play
Store (for Android) [4]. These applications come in both free and subscription-based models, with a
huge number available for free, making the market highly competitive and giving users plenty of
choices. Both platforms also let users leave reviews and share their opinions as part of their customer
service approach. Application ratings are like feedback from users about how they feel about an
application. However not every application gets top ratings, and people usually prefer downloading
ones with high ratings because they think those will work better and be better quality [5]. On average,
mobile applications in stores get about 22 ratings a day, however popular ones might get thousands
[6].

There is a detectable absence of investigation that totally arranges these two spaces to understand
what client perspective on use features mean for their overall satisfaction and gathering conduct[7]. In
contemporary society, phones serve multifaceted positions, going from working with correspondence
to overhauling productivity. The fast headway of compact applications requires a total assessment to
assist clients and designers with investigating the gigantic scene of open decisions. This study hardens
the revelations of assessments drove some place in the scope of 2019 and 2023, with the objective of
proposing a coordinated design for separating compact application studies[8]. By orchestrating
research attempts into judicious assessment, client assessment examination, and component
prioritization, this design means to streamline the course of purpose decision and progression.

II. Literature review

In the pursuit of optimizing mobile application development, understanding performance
evaluation becomes paramount. A researcher conducted a comprehensive study focusing on the
performance metrics crucial for evaluating mobile applications [9]. Previous research recognized key
boundaries, for example, application responsiveness, battery utilization, and asset use as pivotal
factors influencing user satisfaction. By examining various evaluation methodologies including real-
device testing and simulation-based approaches, Smith et al. highlighted the significance of employing
diverse evaluation techniques tailored to different stages of development.

Moreover, another work delved into the importance of performance benchmarks in guiding the
selection of mobile app development frameworks[10]. Their study emphasized the need for developers
to consider performance benchmarks alongside other criteria such as platform compatibility and
development cost[11]. Through a comparative analysis of popular mobile development frameworks
like React Native and Flutter, Jones and Brown elucidated the impact of framework choice on app
performance and overall development efficiency. Their findings underscored the role of performance
evaluation as a strategic tool for informed decision-making in the selection of mobile application
development technologies.

Assessing mobile application performance is important in mobile app development as it directly
affects user satisfaction and the overall success of the app. The importance of performance metrics
like responsiveness, battery usage, and resource utilization was highlighted in extensive research [12].
They highlighted the importance of employing diverse evaluation methodologies tailored to different
stages of development, including real-device testing and simulation-based approaches.

The importance of performance benchmarks in guiding the selection of mobile app
development frameworks was explored in certain studies [13]. Their research underscored the need
for developers to consider performance benchmarks alongside other criteria such as platform
compatibility and development cost. Through a comparative analysis of popular mobile development
frameworks like React Native and Flutter, they highlighted the impact of framework choice on app
performance and development efficiency.

Comprehensive research has been conducted on mobile apps, however, there is still need of holistic
survey in the range of 2019 to 2023. Many literature reviews concentrate on certain subfields or cover
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a wide range of research during this time frame. Therefore, a survey that consolidates research results,
organizes approaches, and recognizes new developments and research deficiencies in studying the use
of mobile applications is urgently required. Conducting a survey would help enhance comprehension
of the factors that impact application choice, use, and adoption, thus benefiting both academic
research and real-world efforts in app development and user involvement.
II1. Research methodology

We conducted a thorough literature search to identify research papers analyzing the
performance of mobile applications, by a predefined group of terms that include. "Mobile
applications," "Apple applications,” "Android applications," and "Google Play Store." The search
covered databases with publication period restricted to articles provided by publishers like Elsevier,
IEEE, ACM, Springer, Wiley, etc. between 2019 and 2023. This process yielded 39 papers, which
underwent meticulous filtration involving the review of titles, abstracts, and conclusions.
Subsequently, five papers were disqualified because of their irrelevance. The procedure for reviews
entailed a detailed analysis and summary of each paper, covering objectives, methodology,
experimental design, dataset characteristics, results, contributions, limitations, and suggestions for
future research. It is suggested a classification system for these research publications based on our
review and analysis.
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Figure 1 Data flow diagram

IV. Techniques

Following techniques are used in review of mobile application performance evaluation to enhance
selection and prediction in mobile app development.
1) Predictive Modeling

Analyzing historical data to reveal relationships and patterns to forecast future events or
circumstances is the focus of predictive modeling [14]. It utilizes different machine learning methods
to generate models that predict the likelihood of different outcomes [15]. Businesses can anticipate
potential opportunities and risks by utilizing various models such as Nearest Neighbor, Gaussian
Naive Bayes, Decision Trees, Support Vector Machine, Random Forest, KNN, and Neural Networks
for unsupervised learning. By leveraging historical information and sophisticated analysis, predictive
modeling helps with making proactive decisions, enabling timely actions to be taken.
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A researcher utilized the GPS dataset to categorize the total popularity of mobile applications,
quantified by the number of installations [16]. Employing six machine learning (ML) algorithms, they
observed that the Support Vector Machine (SVM) classifier yielded optimal results. Notably, their
models solely relied on the top five external features of the applications, neglecting internal features
such as software functionalities and performance metrics[17].

A study achieved a 100% accurate prediction for the ranking of 89% of the examined applications,
suggesting practical implications for app store requirements engineering and developer needs
induction procedures [18]. on top of this contemporary framework aimed at enhancing developers'
efficacy in navigating the competitive mobile application industry was proposed [19]. Utilizing ML
techniques on the GPS dataset to forecast ratings and download counts pre-launch and offer superior
accuracy compared to (RF). Additionally, to predict application ratings on GPS using a real-time
dataset comprising 10,839 records and 8 attributes was explored here [20]. Employing various ML
algorithms, they found Decision Trees (DT) to outperform other techniques in rating predictions.

The significance of user ratings in guiding non-technical users towards suitable mobile
applications was examined [21]. They used seven (ML) techniques using tools WEKA, including
Support Vector Machine (SVM), Neural Networks (NN), (RF), and Logistic Regression (LR), using an
i0S dataset that they acquired from Kaggle. According to their research, the best way to forecast user
ratings for i0S apps is to employ (RF). Using ML classifiers including Gradient Boosting Classifier
(XGB), (RF), Gradient Boosting Machine (GBM), Extra Tree Classifier (ET), and Extreme AdaBoost
Classifier (AB), Umer et al. (2021) sought to forecast the numerical ranks of GPS apps . They found
that (GBM) and (ET) produced the highest accurate numerical rating predictions using a semi-
structured dataset gathered from GPS; further research is suggested to include Deep Learning
methods.

Table 1 Summary of predictive modeling

Target Store Algorithm Number of Dataset Records
Attributes
LR, KNN, SGD, DT, RF &
SVM 23 600000
RF, KNN & SVM 8 NA
DT, LR, SVM, NB, KNN, 3 10839
Google K-Mean & ANN
RF, GBM, XGB, AB & ET 5 658
DT NA NA
CNN, RNN, LSTM, 6=8
BiLSTM and GRU. 5 5
KNN 11 32000
BlackBerry CBR & NLP 1,256 9,588
Samsung CBR & NLP 620 1,949
SVM, ANN, REP, RF, M5,
Apple LR and RF 16 7197

Table 1 provides an overview of the techniques or algorithms used by various companies, such as
Google, BlackBerry, Samsung, and Apple, for data analysis or machine learning applications in the
context of a Target Store. The predictive modeling table details the techniques and algorithms used for
various target stores along with the number of attributes and dataset records. For Google, methods
include LR, KNN, SGD, DT, RF, and SVM applied to 23 attributes with 600,000 records; RF, KNN,
and SVM with 8 attributes; DT, LR, SVM, NB, KNN, K-Mean, and ANN with 8 attributes on 10,839
records; RF, GBM, XGB, AB, and ET with 5 attributes on 658 records; DT without specified attributes
or records; CNN, RNN, LSTM, BiLSTM, and GRU with 5 attributes on 658 records; and KNN with 11
attributes on 32,000 records. For BlackBerry, CBR and NLP are used with 1,256 attributes on 9,588
records. For Samsung, CBR and NLP are applied with 620 attributes on 1,949 records. For Apple,
SVM, ANN, REP, RF, M5, LR, and RF are used with 16 attributes on 7,197 records.

2) Priority Ranking

It is an essential part of data analysis and predictive modeling, with the goal of pinpointing and
organizing characteristics according to their significance or pertinence to the primary goal. This
procedure aids in choosing the most valuable characteristics while neglecting unimportant ones, thus
decreasing interference and enhancing the effectiveness and precision of the model. Different
approaches can be used to prioritize ranking [22]. Commonly used in analyzing relationships between
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features and the target variable are descriptive statistics like mean, median, standard deviation, and
correlation coefficients. These statistics provide insights into the distribution, variability, and
associations among different attributes, guiding the prioritization process [23]. Feature prioritization,
as highlighted by researchers, involves arranging features in order of importance, typically from most
to least significant, through diverse methodologies like descriptive statistics or by employing
information gain. This process aids in identifying the most pertinent features and attributes that
significantly influence the main objective.

Furthermore, a method for prioritizing application categories based on an analysis of rankings and
reviews, aiming to identify critical features for future releases was introduced [24]. Employing the
Naive Bayes (NB) and J48 decision tree classifier, they observed superior performance with NB,
revealing that resource utilization and application performance held the highest priority rank. In a
similar vein, Gradient Boosting (GB) as the most effective, achieving perfect accuracy, precision, and
recall conducted [25].

The customers' preference for high-rated applications and their associated quality factors was
analyzed. Analyzing a dataset sourced from Kaggle comprising 10,840 records, researcher utilized the
following methods are used to identify the factors impacting application ratings: Pearson Correlation,
(RF), Support Vector Regression (SVR), and Logistic Regression (LR). The application size, character
count in the name, genre, and amount of reviews were all determined by RF to be important factors.
SVR emphasized the name's word count and content rating, while LR emphasized symbol count and
application type. Pearson correlation underscored the importance of symbol count in the application
name. Future endeavors aim to scale up the dataset size for improved rating predictions. Lastly, a
method for active learning to speed up the review and analysis process was suggested [26]. Three
active learning techniques based on uncertainty sampling were employed in their approach.
Compared to randomly selected training datasets, active learning exhibited significantly enhanced
prediction accuracy across multiple scenarios, offering promise for more efficient review analysis
processes.

The significance of prioritizing features arises from the fact that numerous domains encompass a
plethora of attributes, some of which are extraneous and introduce noise. Dealing with such irrelevant
attributes can be resource-intensive, particularly when time and cost are constrained. Therefore,
prioritizing features streamlines the selection process, enabling a focus on the most impactful
attributes, ultimately enhancing efficiency, and reducing costs [27]. Additionally, information gain or
other measures of feature importance derived from machine learning algorithms can be utilized for
feature prioritization. Information gain quantifies the amount of uncertainty reduced about the target
variable [28]. The importance of priority ranking lies in its ability to streamline the modeling process,
particularly in domains with a large number of attributes. In such cases, including all features in the
analysis can lead to over fitting, increased computational complexity, and reduced interpretability of
the model [29].

Table 2 Summary Table of Priority Ranking

Target Store Algorithm Number of Dataset
Attributes Records
NB and J48 12 7754
Google RF, KNN, DT & 13 10842
GB
RF, SVM & LR 17 10840
Apple Active Learning 4 4,400

Table 2 provides insight into the diverse range of techniques and algorithms utilized by companies
like Google and Apple in optimizing operations within a Target Store setting. The priority ranking
table lists various techniques and algorithms used for Google and Apple, along with the number of
attributes and dataset records. For Google, NB and J48 are used with 12 attributes on 7,754 records;
RF, KNN, DT, and GB with 13 attributes on 10,842 records; and RF, SVM, and LR with 17 attributes
on 10,840 records. For Apple, Active Learning is applied using 4 attributes on 4,400 records.

3) Sentiment Analysis

The Yue defined sentiment analysis as the systematic examination of individuals' feelings [30].
Additionally, Bandana described sentiment as encompassing emotions or attitudes, with sentiment
analysis serving to discern opinions, reactions, and subjective inclinations towards specific subjects
within textual data. This analytical framework finds application across diverse domains, including
however not limited to services, products, political landscapes, and entertainment critiques.
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In addition, the primary objective of sentiment analysis as the classification of textual content into
different categories [31]. Methodologically, this scope of research can be categorized into methods that
are symbolic and sub-symbolic. The growing volume and diversity of data highlights the increasing
importance of sentiment analysis from various perspectives. Commercially, sentiment analysis
facilitates the provision of online recommendations for both consumers and providers, enabling
informed decision-making. Moreover, from a marketing standpoint, sentiment analysis aids in
understanding consumer preferences [32].

In a paper utilizing an iOS dataset to detect fake reviews, employing machine learning algorithms
including (RF), Gaussian Naive Bayes (NB), (SVM), Multi-Layer Perceptron (MLP), and Decision
Trees (DT), with RF demonstrating superior performance was conducted. Their study identified 35.5%
of 62,617,037 reviews as false, emphasizing the importance of application and reviewer characteristics
in distinguishing between authentic and fake reviews. Another study analyzed 6,000 evaluations from
“Apple app” categories were analyzed using Naive Bayes (NB) and (SVM) classifiers to find reviews
linked to Non-Functional Requirements (NFRs), with SVM exhibiting better results [33]. Their
findings indicated that 40% of reviews contained at least one type of NFR. The review rating
mismatch issue, advocating for an automated system to identify inconsistencies between evaluations
and ratings was addressed [34]. Utilizing machine learning algorithms including (SVM), Holte’s 1R,
and Convolutional Neural Network (CNN), they examined 8,600 reviews from ten Android
applications. Approximately 20% of reviews exhibited rating and review mismatches. The user
reviews, extracting relevant features and studying associated sentiments was analyzed [35].
Leveraging Non-negative Matrix Factorization (NMF) for topic modeling and sentiment analysis using
the SACI strategy, their approach aids in identifying topics influencing application rankings
negatively. A study tested revealed low Mean Squared Error (MSE) rates for Stochastic Gradient
Descent (SDG) and Support Vector Regression (SVR), highlighting the need for updated prediction
methods in business application success forecasting [36].

The significance of this technique arises from the profound impact of peer opinions and reviews on
individual perceptions. In the search for information about entities such as products, services, or
events, consumers often seek insights from others' feedback. Thus, the effectiveness of businesses
depends on the deployment of accurate sentiment analysis systems capable of extracting precise
sentiment and pertinent information [37]

Table 3Sentiment Analysis

Target Store Algorithm Number of Dataset Records
Attributes

RF, DT, MLP, SVP, .

NB 20 62 million

NV & SVM NA 6000
Apple Lexicon 5 553

NB, DT (J48),

AdaBoost, KNN, 6 6

SVM, RF,Holte’s 1R} 50759

& CNN

NMF & SACI NA NA

NB, SVM, LR, KNN 6

& RF 3 9659
Google KNN, RF, SVM, DT

& NB 40 20000

NB, SVM, LR &

Ensemble Methods 10000

SVR & SDG NA NA

Table 3 presents a comprehensive overview of the techniques and algorithms employed by major
players like Apple and Google in the context of optimizing operations within Target Stores. The
sentiment analysis table summarizes the techniques and algorithms used, number of attributes, and
dataset records for sentiment analysis across two target stores: Apple and Google. For Apple, a variety
of techniques such as RF, DT, MLP, SVP, NB, NV, SVM, and Lexicon methods are applied with
datasets ranging from 553 to 62 million records and attributes varying from 5 to 20. For Google,
techniques including NB, DT (J48), AdaBoost, KNN, SVM, RF, Holte’s 1R, CNN, NMF, SACI, LR,
SVR, and SDG are used, with the number of attributes spanning from 3 to 61 and dataset records from
9,659 to 56,759. Some instances did not specify the number of attributes or dataset records.
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V. Results and discussion

Eleven percent (11%) of the studied literature is devoted to feature prioritization, and the
remaining forty-one percent (41%) is divided equally between sentiment analysis and predictive
modeling. Most scholars primarily utilized GPS datasets, comprising 75% of the employed datasets,
owing to the prevalence of GPS as the most extensive source. An Android application is also
accessible. Moreover, the recommended studies primarily focused on employing machine learning
methods to assess the effectiveness of mobile applications. A minor portion of the research, on the
other hand, incorporated active learning and deep learning techniques into their proposed models.
Predictive modeling researchers used a variety of deep learning approaches, including CNN, RNN,
LSTM, BiLSTM, and GRU, as well as machine learning algorithms, including LR, KNN, SGD, DT, RF,
SVM, NB, K-Means, ANN, REP, M5, GBM, XGB, AB, ET, and NLP. Machine learning was favored for
predictive modeling due to its capability to yield reliable decisions and uncover hidden insights from
historical data relationships and trends [38]. Conversely, learning data representations is the main
goal of deep learning, a branch of machine learning and is centered around artificial neural networks
with multiple hidden layers. Regarding feature prioritization, scholars primarily employed machine
learning approaches such as active learning methodology and SVM, LR, NB, J48, RF, KNN, DT, and
GB. In a paper emphasized on active learning, also known as query learning, as a strategy to overcome
labeling bottlenecks by requesting labels for unlabeled instances [39]. In studies focusing on
sentiment analysis, machine learning techniques such as NB, SVM, LR, KNN, RF, DT, SVR, SDG, and
deep learning methods including CNN were utilized. Additionally, lexicon and ensemble methods
were employed. Ensemble techniques as an effective means of achieving highly accurate classifiers by
combining less accurate ones was examined by a researcher [40]. Furthermore, users' intentions to
adopt building a model based on the Unified Theory of Acceptance and Use of Technology and the
Theory of Planned Behavior for mobile learning in the Gulf region after 2017 was explored [41]. They
discovered that elements like student creativity and mobility had an impact on elements like
performance expectancy, effort expectancy, and social influence. Furthermore, how unique
characteristics of application stores, such as tighter control over application descriptions and pricing
policies, may impact application performance has also been discussed [42]. Furthermore, using
mobile applications in the classroom relies heavily on user and instructor reviews, developer
descriptions, and collaboration techniques. However, limited experimental evidence exists to provide
recommendations on the value of mobile applications, particularly those aimed at children.

Even with the progress made in mobile technology, performance problems still exist in mobile
apps, impacting how users feel and how satisfied they are. Frequent problems consist of delays in
loading, crashes happening often, and high usage of battery. Moreover, the increasing numbers of
mobile devices with different hardware specifications make performance assessment and optimization
tasks more challenging. Additionally, the quick advancement of mobile app development frameworks
and technologies contributes to increased complexity. Developers encounter the difficulty of choosing
the optimal framework that takes into account performance, productivity, and platform compatibility.
Developers may have difficulty finding and addressing performance bottlenecks, resulting in lower
app performance and decreased user engagement, if they lack effective performance evaluation
strategies.

Ongoing studies on examining the assessment of mobile application performance to improve
decision-making in mobile app creation show promise for a wide range of parties involved. Developers
may gain valuable insights on how to improve app performance and choose the right development
frameworks from the findings. By implementing successful performance evaluation strategies,
developers can create top-notch mobile apps that satisfy user demands and boost company
achievements.

Furthermore, current studies have the potential to enhance the quality and performance of mobile
apps for users. Improved methods of assessing performance can result in quicker, more reliable, and
more resource-efficient applications, ultimately enhancing the user experience. Moreover,
stakeholders like companies and institutions involved in mobile app development can use current
research to make well-informed choices on app development strategies and resource distribution.
Through placing emphasis on assessing and improving performance, stakeholders can increase their
ROI and stand out in the mobile app industry. Current studies on investigating the assessment of
mobile application performance could help tackle important concerns in mobile app creation and offer
useful perspectives for those involved, ultimately aiding in the progression of the mobile app
environment.

VI. Conclusion

The phone applications boasts a vast array of options, with user reliance heavily influenced by
application ratings. This survey delves into the examination of mobile app ratings, categorizing
studies into three primary categories: sentiment analysis, predictive modeling, and ranking important
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features. Drawing from previous literature, it becomes evident that research has predominantly
concentrated on sentiment analysis and predictive modeling, with only a handful of papers dedicated
to prioritizing features. Machine learning techniques were predominantly utilized by scholars,
although some ventured into ensemble approaches, deep learning, and active learning. Notably, GPS
datasets emerged as the most prevalent, though a minority of models incorporated datasets from
different mobiles’ models. Present research serves to offer researchers insights into existing research
within the realm of mobile application performance. Additionally, it equips application developers
with a wealth of information regarding studies and analyses pertaining to application performance,
aiding them in considering crucial factors during development.

Future research directions in mobile application performance evaluation and enhancement could
explore more advanced predictive modeling techniques to improve accuracy in application
performance predictions, integrate user sentiment analysis with behavioral data for a holistic
understanding of user preferences, investigate dynamic approaches to feature prioritization that adapt
to evolving user needs and market trends, extend the performance evaluation frameworks to compare
and optimize applications across different platforms, incorporate the impact of emerging technologies
like 5G and edge computing, conduct longitudinal studies to track the evolution of mobile application
performance and user preferences over time, examine the intersection of performance and usability
considerations for diverse user groups, and explore the ethical and privacy implications surrounding
mobile application data management and user protection. By pursuing these research avenues, the
mobile application development community can further enhance the understanding of the mobile
ecosystem and enable more informed decision-making to deliver improved user experiences.
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