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Abstract 
Background. Previous literature focused on app characteristics and their relation to success in terms 

of downloads, ranking (survival), revenue, and word of mouth. App characteristics can be 

categorized in five characteristic categories, namely, product page information, availability, 

developer experience, word of mouth, and revenue model. The three categories most prominently 

researched and related to mobile app success are the developer experience, word of mouth, and 

revenue model categories.  

Research objective: The objective of this study is to analyze which app characteristics are most 

influential in predicting a top 1000 Top Chart position in the Apple App Store. Additionally, 

synergetic effects between characteristics on the predictive performance of the classifiers are 

analyzed. 

Method: The dataset that is analyzed exists of multidimensional panel data of app characteristics 

and ranking classification. Due to the size of the dataset and the complexity in relationships 

between the characteristics, a Long Short-Term Memory neural network is used following a 

backward feature elimination approach to analyze the feature importance and its effect on the 

model its performance metrics precision, accuracy, loss, and recall. To clarify the results of the 

neural network a logistic regression is performed on the dataset. 

Results: Results indicate a minor significant increase of 0.02 percent in model precision 

performance resulting in a precision of 1.60 percent when excluding the revenue model features 

compared to the model configuration including all features. The developer experience feature 

group shows a significant decrease in precision performance of 0.32 percent, resulting in 1.26 

percent precision. The feature group that resulted in the biggest performance drop is the word of 

mouth feature group, resulting in a 0.37 percent precision drop to 1.21 percent. Synergetic effects 

of feature groups showed the same order in performance decline as the individual effects. Without 

all three feature groups, the precision score was substantially lower resulting in 0.56 percent. 

Conclusion: In general, the LSTM neural network models that are created for each input 

configuration do not have a high precision in predicting a top 1000 Top Chart position. However, 

the precision scores showed some significant differences when excluding specific feature groups 

and combinations of these feature groups, indicating the predictive influence of these features in 

predicting a top 1000 Top Chart position in the Apple App Store. 
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1 Introduction 
The introduction of the smartphone had a prodigious impact on the human life. Changing cultural 

norms and behavior of human beings on predominant areas such as business, education, health, 

and social life (Stieglitz & Brockmann, 2013). Although the first decline in smartphone sales to 

end-users was monitored in the fourth quarter of 2017, it totaled over 1.5 billion devices in 2017 

(Gartner, 2017). With companies like Apple, Google, and Amazon platformizing the smartphones, 

these small computers became extremely functional communication devices causing the 

expeditious adoption in daily life (Lane et al., 2010; Park & Chen, 2007). The developers’ 

successful adoption of the different app platforms resulted in the strong and relatively recent 

expansion of the mobile app market (Weinberger, 2016). 

 

Not shortly after the initial launch of the iPhone, Apple launched the second-generation iPhone 

which introduced the platformisation of the iPhone’s iOS software currently known as the Apple 

App Store. With the Apple App Store, Apple created a platform where developers could create 

innovative applications and where customers are able to wirelessly download the applications on 

their iPhones (Apple Press Info, 2008). Since the launch of the Apple App Store the number of 

mobile apps increased from 500 to over 2.2 million applications in January 2017 leading to a total 

of $70 billion in earnings for the Apple App Store developer community in June 2017 (Apple Press 

Info, 2017; Henze & Pielot, 2017). Among Apple there are other companies that successfully 

created mobile app platforms known as Google Play (formerly known as the Android Store) from 

Google, the Amazon Appstore from Amazon (Henze & Pielot, 2017), and the Blackberry World 

App Store from Blackberry. A well-known mobile app analytics company named App Annie 

estimated the value of the global app economy for mobile app stores and in-app advertising at 

$133.4 billion in 2016 and expects it to grow to $239.1 billion in 2021 (Delgado, 2017). 

 

The enormous growth of the number of mobile apps is resulting in the convergence of the 

functionalities and features offered by the mobile apps (Angeren, Podoynitsyna, & Langerak, 

2016). New entrants in the mobile app industry are likely to offer similar services, which increases 

the rivalry among existing competitors (Porter, 2008). Due to the fierce competitive landscape of 

mobile apps there is a decrease in the exposure and findability within the app stores. This results 

in an environment where it is arduous to achieve successful value appropriation for developers. 

Consequently, due to the saturation of the app platforms and the limitations in visibility and 
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findability, developers should carefully dedicate resources and be mindful what resources to 

dedicate to specific app aspects. Hence, a relevant high-level topic in the mobile app ecosystem 

literature is the descriptive research dedicated to better understand the success of mobile apps.  

 

The literature dedicated to mobile apps is mainly focused on the influence of app characteristics 

on an app’s success measured in demand, ranking (in terms of survival), downloads, and revenue. 

The app characteristics related to an app’s success can be categorized in the following five major 

categories: (1) product page information, (2) availability, (3) developer experience, (4) word of 

mouth, and (5) revenue model. Some studies in the prior literature focus on the “bestselling” Top 

Chart ranking lists in the app stores. A position in the Top Charts can provide extra visibility to 

high performing mobile apps. The increase in visibility and trustability (through word of mouth) 

creates the potential to generate a lot of value due to the demand it generates. 

 

Although several studies have focused on app characteristics and their relation to success, these 

studies exclude some interesting aspects such as obtaining a Top Chart position. Many of the 

studies only include the top performing Top Chart apps excluding the less popular apps, which 

account for most of the apps in a realistic app store dataset. Hence, the datasets that are used in 

some of the studies might be unbalanced and results might not be representable for the less popular 

apps. Additionally, in all studies related to app characteristics, classical statistical methods are used 

to analyze the relations between the app characteristics and the researched subject demand, 

downloads, ranking, or revenue. These classical statistical methods are unable to detect the non-

linear and multi-dimensional dependencies that might be present. Conclusively, although an 

enormous advantage can be appropriated when accomplishing a high-level rank in the Top Chart 

lists of the app stores, limited research has been dedicated to obtaining a Top Chart position.  

 

Hence, the first objective of this study is to get additional insight in what app characteristics are 

important for predicting a position within the Top Charts using alternative non-linear approaches 

such as deep learning algorithms. With the technological advances in computing and artificial 

intelligence algorithms such as Neural Networks, multidimensional time series models such as the 

Long Short-Term Memory (LSTM) and the Gated Recurrent Network (GRU) can be applied to 

even bigger datasets. The versatility and flexibility of Neural Network can be applied to estimation, 

regression, prediction, and classification. Although a higher model performance might be the 
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result, a drawback is the ‘black box’ approach with Neural Networks; resulting in less insight in 

the analyses. This can be limited by using feature elimination approaches, these eliminate features 

(input variables) step by step while comparing the accuracy, loss, precision, and recall of the model. 

The second objective is to study the existence of synergetic effects among different app 

characteristics influencing the predictive performance of the defined models. 

 

This thesis follows a classic research structure, in Chapter 2 of this thesis the theoretical background 

for the research subject is presented. This provides the framework for relating new findings from 

the master thesis project to previous findings in existing literature (Randolph, 2009). 

Consequently, the literature gaps and research questions are described. An empirical background 

of the data, a description of the variables, and the argumentation for the use of the variables 

including their potential to influence an app’s ranking are described in Chapter 3. The 

methodology in Chapter 4 defines the empirical method that is used and presents the approaches 

for answering the research questions. Subsequently, the results for each of the research questions 

are described in Chapter 5. The theoretical contributions, research implications, and future 

research opportunities are presented in the discussion Chapter 6. The final Chapter 7 presents the 

conclusions of this master thesis project.  
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2 Theoretical background 
Due to the successful launch of the mobile platforms and the vast adoption of the mobile app 

developers, mobile app platforms are defined as highly competitive or “hypercompetitive” markets 

where developers compete for attention of the platform end-users (Comino, Manenti, & Mariuzzo, 

2016; Lim, Bentley, Kanakam, Ishikawa, & Honiden, 2015; Qiu, Gopal, & Hann, 2017). The 

enormous growth is resulting in the convergence of features and functionalities of mobile apps 

(Angeren et al., 2016). Due to the fierce competitive landscape of the mobile app ecosystem there 

is a decrease in the exposure and findability of mobile apps in the app platforms. To better 

understand the nature of the success of mobile apps on the platforms, prior literature has focused 

on the app characteristics and their relation to success. This Chapter describes the findings on app 

characteristics and their relationship to a mobile app’s success. Although this study focusses on the 

Apple App Store, all findings related to the mobile app success in the mobile app ecosystem are of 

interest and included in the theoretical background. 

2.1 Definition of success for mobile apps 

Up to date, most studies focused on app characteristics and their relation to downloads, ranking 

(survival), revenue, and ratings. These are all different aspects of apps which indicate success or 

high performance in the app stores. A download can be identified as a prerequisite for value 

appropriation; however, this doesn’t automatically represent an app’s success in revenue since the 

majority of apps downloaded are free or freemium (IDC, 2014). The volume and valence of ratings 

and reviews represent the satisfaction of a segment of the user base that have installed the app (at 

least once). Consequently, the volume is partly related to the number of downloads. The valence 

of the rating and reviews do not directly indicate downloads or revenue; however, it might indicate 

the quality of the app which can be related to developer experience and development skills. 

Although this study focusses on the classification of a Top Chart ranking in the Apple App Store, 

all success indicators could be related to an app’s ranking. Hence, all success indicators are included 

in the prior literature background. 

2.2 Product page information 

Every platform provides the functionality to search apps and preview the contents and 

functionalities before downloading or purchasing an app. On the website of Apple, the product 

page information elements and optimization strategies are described in detail (Apple, 2016). 
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Developers are accountable for defining the app name, subtitle, icon, app previews, screenshots, 

description, keywords, in-app purchases, and ‘what is new’ (also known as release notes) indicating 

version changes. Moreover, ratings and reviews are shown on the product information page. Due 

to the difference in the existence of the product page information created by the developer and the 

ratings along with reviews created by the user, the word of mouth findings are described separately 

in paragraph 2.5. 

 

Ghose and Han (2014) used a structural econometric model to estimate the demand in downloads 

for mobile apps. Their study focuses on how different features of mobile apps influence the demand 

within different categories in the two main app stores from Google and Apple in the United States. 

The data used for the study is a panel dataset of 102,400 observations for both app stores on the 

free and paid Top Chart 400 ranked apps monitored for four months. Ghose and Han (2014) 

classified the data into the seven most popular categories in the app stores: games, entertainment, 

social, multimedia, utilities, education, and lifestyle. Two of the features studied are related to the 

product page, the number of characters of the app description and the number of screenshots. The 

authors find that the demand increases with an extended app description and additional 

screenshots, indicating the importance of the magnitude of textual and visual information. 

 

Jung, Baek, & Lee (2012) studied the survival rate in the Korean Apple App Store and argue that 

the contents size might be a good reference for quality. They argument that excellent visuals, 

sounds, and functionalities require larger contents size and are related to app quality. Comparable 

to their findings of reviews, the probability is larger for free apps with a higher content size. On 

the contrary, Ghose and Han (2014) find that app demand when content size increases. A 10 

percent increase in file size resulted in a demand estimation decrease of 1.1 percent. 

2.3 Availability 

The availability of apps on different platforms (cross-platform), in different categories (cross-

category), or as a coexisting free alternative to a paid app (cross-chart), can have impact on the 

visibility and discoverability of the app which in turn might influence the success in downloads 

and generated revenue. Offering a cross-platform app doubles the number of potential users that 

can be targeted (Henze & Pielot, 2017). Searching on a category in the app stores relates to the 

general purpose that apps offer, cross-category listing an app has the potential to reach potential 
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users that search for two different purposes, emphasizing the importance of the choice of the 

primary and a secondary category in the Apple App Store. Offering a free app as an alternative to 

a paid app provides potential users with the opportunity to tryout the app which is a form of 

triability. Trialability is considered an element of innovation acceptance (Rogers, 2002). 

 

Another study was performed to better understand the decision-making process that leads to the 

purchase of apps (Kim, Kankanhalli, & Lee, 2016). This study followed and exploratory qualitative 

approach by using interviews followed by a confirmatory quantitative approach using surveys. One 

of the factors influencing the decision to purchase an app is trialability, this indicated to what 

extent the user could try the app before making the purchase. They argue that a trial has the 

potential to reduce the uncertainty in the decision-making process to buy an app. The results 

indicate that app trialability has a significant positive effect on the decision to purchase an app.  

 

Ghose and Han (2014) studied the effects an app that is cross-chart and cross-platform listed on 

the demand in downloads, for both cross effects the demand in downloads becomes higher rather 

than lower compared to only having an app in only one chart or platform. Consistent with the 

research of H. W. Kim, Kankanhalli, and Lee (2016), they also argue that trialability might be the 

reason for the cross-chart effect, users are able to try the product before buying it. The increase in 

demand for a listing on both platforms might be related to an increase in awareness. Coherently, 

Liu, Au, and Choi (2014) find that cross-listing a free version of a paid app favorably affects the 

number of downloads for paid apps. 

 

Although triability might lead to a higher number of downloads in general, another study argues 

that this is not always the case for the potential revenue due to a decrease of the intention to buy 

paid apps. The research of Hsu and Lin (2015) shows that the availability of free apps that coexist 

with paid apps negatively influence the purchase intention of both users and potential users. Due 

to the easiness of searching and comparing apps, free apps that are comparable in functionality to 

paid apps are preferred. Hence, providing a free app to a paid app might negatively influence the 

sales performance of paid apps when there is no sound up-sell strategy present. 

 

Lee and Raghu (2014) performed an empirical study on the key developer- and app-level 

characteristics that impact the Apple App Store. They tracked individual apps’ presence in the 



 

 

14 

Grossing Top Chart and examined how app characteristics affected survival. A key determinant of 

high survival probability in the Grossing Top chart was the diversification of apps across a 

developer’s product portfolio. The app presence in the Grossing Top Chart increased with 15 

percent for each cross-category diversification. Moreover, the authors argue that there are lower 

barriers when entering different categories, which enables developers to increase their app 

availability beyond what was initially considered. Additionally, the investment in the less popular 

categories resulted in a positive effect on the app’s sustainability. 

 

Conclusively, multiple studies indicate the plausible effect of triability and a possible increase in 

awareness when offering cross-chart apps. Although offering a cross-chart app might increase the 

number of downloads, it might have negative effects on the performance of the sales of paid version 

of the app that is offered. Moreover, another study empirically presents that cross-category listing 

apps resulted in a significant increase in demand by increasing the availability and awareness of the 

app. Ultimately, cross-platform listed apps is also associated to a superior performance in the app 

stores, however this aspect is less extensively researched. 

2.4 Developer experience 

Every organization experiences a learning-curve pattern indicating a significant decrease in costs 

when experience was gained (Argote, 2012). Gaining experience leads to an increase in learning 

and knowledge. As developers gain more experience in developing apps in the app store, they 

become more acquainted with the technology and the ecosystem. A heightened experience might 

lead to an increase in development quality and strategy soundness. Kapoor and Agarwal (2017) 

found support for a positive relation between a greater developer experience and the quality to 

sustain superior performance within the ecosystem. The findings demonstrate that developers with 

a greater experience in development have a greater experience in the ecosystem (app store), which 

is associated with a sustained superior performance in both app stores. Additionally, they suggest 

that the developer firm size and previous online business experience presumably influences this 

relation.  

 

Ghose and Han (2014) find that another important aspect of an increased demand is the maturity 

of apps and inherently the experience of the developer. A higher number of previous quality apps 

by a developer, which might create a form of trust with the users, are related to a higher demand 
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estimation. Subsequently, the age of an app, the age of the version, and the number of previous 

versions, which all might be related to elevated experience of the developers, are also positively 

related to the demand estimation. Consistent with Ghose and Han (2014), Lee and Raghu (2014) 

found that continuous quality updates on app features positively impacted an app’s performance. 

They found that quality updates can triple the survival rate in the Grossing Top Chart. 

 

P. L. Yin, Davis, and Muzyrya (2014) studied the development of “killer apps” in Apple iTunes 

(currently the Apple App Store). They refer to killer apps as apps that are listed in the Grossing 

Top Chart and examine how these are different on market and app characteristics. The data exists 

of 328,428 apps in 18 categories that are observed every other day for a year starting September 

2010. They have identified 3,431 killer apps and focus on how these apps achieved this status 

controlling with similar apps that didn’t get listed in the Grossing Top Chart. Although 49 percent 

of the killer apps originate from the gaming category, the percentage of gaming apps in the total 

dataset is only 18 percent. The results indicate that gaming apps that are later developed by the 

same developer are more likely to become killer apps. Consistent with previous studies, this is likely 

due to the increase in experience of the developer. However, contrary to game apps, no significant 

relation for non-gaming apps is found. Furthermore, the results indicate that the number of 

updates and the time between the updates do significantly and positively affect a non-game app’s 

probability to become a killer app. Subsequently, the results indicate that the first non-game app 

compared to the subsequent non-game apps has no higher probability in becoming a killer app. 

 

Comino et al. (2016) empirically researched version release characteristics with panel data of the 

top 1,000 apps in the iTunes and Google Play in Europe. They highlight the importance of the 

management of app updates to increase app visibility and user engagement and relate to it as a 

disguised user acquisition strategy. The results indicate that app update releases for iTunes apps 

are expected to be released when developers experience an inferior performance and that these 

updates have a positive effect on the number of downloads. The authors interpreted this difference 

between the two app stores as evidence for the lack of quality control in Google’s more open 

Google Play platform, causing a potential excess of high and low quality updates of Android apps. 

 

Given the findings in these studies, the experience of a developer can be expressed by the number 

of apps developed, the age of the app and the versions of the app, and the number of version 
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updates. Although most results indicate a positive effect, differences are found in between 

categories (game and non-game) and the two major app stores from Apple and Google.  

2.5 Word of mouth 

Although humans’ own beliefs regarding reviews might be biased due to the tendency to prefer 

ones initial beliefs (D. Yin, Mitra, & Zhang, 2016), in general research indicates that positive word 

of mouth reviews and ratings have a positive influence on the success of a mobile app (Ghose & 

Han, 2014; Jung et al., 2012; Khalid, Shihab, Nagappan, & Hassan, 2014; G. Lee & Raghu, 

2014). These findings correspond with earlier research on online book reviews (Chevalier & 

Mayzlin, 2006), these findings presented a positive effect of the number and valence of reviews on 

the book sales. Extensive research is performed on the relation between app success factors and the 

volume and valence of the ratings and reviews from its users.  

 

The ranking of apps in the Top Charts can be related to the online word of mouth because it 

shows an aggregated indication of the popularity of the app in the app store. Lee and Raghu (2014) 

studied the survival of apps in the Apple App Store and claim that a high initial popularity or 

ranking in the Grossing Top Chart is an important determinant of the survival rate. Consistent 

with Lee and Raghu (2014), the research of Jung et al. (2012) also found that an app’s initial 

ranking influences the Top Chart survival in the Apple App Store. Corresponding to the other 

factors researched in the study, such as reviews and product page contents, this effect is stronger 

for the Free Top Chart rather than the Grossing Top Chart. 

 

Ghose and Han (2014) found that the volume and rating of user reviews are both positively related 

to the estimated demand of an app. Consistently, Lee and Raghu (2014) found that apps with a 

higher volume and a higher user rating are positively related to the performance of an app when 

looking to downloads and sustainability in the Top Chart.  

 

In the qualitative and quantitative study of H. W. Kim et al. (2016), one of the factors that might 

influence the decision to purchase an app is the word of mouth related characteristics of an app. 

They referred to the word of mouth variable as the positive evaluation from an app’s user reviews. 

Contrary to other results, they found that word of mouth did not have a significant direct effect 

on the decision process to purchase an app. However, it did have a significant indirect effect on 
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the monetary value of the app, which in turns influenced the decision process when purchasing an 

app. 

 

Khalid, Shihab, Nagappan, and Hassan (2014) qualitatively studied 6,390 low rated user ratings 

for 20 free Apple App Store apps to better understand the issues and the impact of the reviews. 

Previous literature demonstrated that high user ratings are related to a higher estimated demand 

and a higher number of downloads. Hence, in this study it is interesting to better understand the 

cause of low ratings and their relation to other characteristics. The authors uncovered 12 types of 

complaints which can be categorized by stakeholder in development, strategic, and content related 

complaints. Development related complaints are directly related to the developers and include 

subjects like app crashing, functional error, and network problem. These findings are analogous 

with the importance of the developer experience related to app quality described in paragraph 2.4. 

Strategic related complaints are focused on the functionalities (features), experience, and 

compatibility. Content related complaints are related to privacy and ethics, hidden costs, and 

uninteresting contents. The authors argue that low ratings negatively affect an app’s popularity 

and therefore also the revenue potential. 

 

Another study focused on the Korean Apple App store and performed a parametric survival analysis 

on free and paid apps listed in the top 100 Free and Grossing Top Charts (Jung et al., 2012). An 

important notice is that the data was collected shortly after the arrival of the iPhone in Korea, 

which might have an influence on the data and results. The results clearly indicate different effects 

for the free and the paid apps. An important factor for free apps are the user ratings, the authors 

found that low ratings increase the probability of an app exiting the Top Chart. Hence, users are 

presumably interested in the user rating when deciding to use an app.  

 

Hsu and Lin (2015) performed an empirical study based on 507 online surveys and used constructs 

such as app rating and free alternatives in paid apps to predict user behavior. The results show that 

the intention to purchase an app is partly determined by the favorable user ratings for both users 

and potential users. The result highlights the significance of user reviews in the decision-making 

process to buy an app.  
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Additional to the research dedicated exclusively to user review in the app stores, Zhou and Duan 

(2016) researched the impact of professional reviews in comparison to the user generated user 

reviews for online software downloads. Professional reviews are described as reviews provided by 

experts that critically analyze product quality. The findings indicate that receiving a high 

professional review score potentially doubles the number of downloads compared to not having a 

professional review. The authors argue that the promotion of user-generated reviews should be 

combined with the promotion of professional positive reviews. They claim that the indirect impact 

of a professional review can be as high as 20 percent of the total impact word of mouth can have.  

 

Finkelstein et al. (2017) conducted an empirical study that focused on the diverse interplay 

between a developer and the user. Although most research is dedicated to the Apple App Store or 

Google Play, this study used data from the minor Blackberry World App Store. The findings reveal 

significant positive correlations between customer rating and the rank based on the number of 

downloads for both free and paid apps. Additionally, the results indicate that free apps have a 

significantly higher rating compared to paid apps. 

 

Ultimately, P. L. Yin et al. (2014) emphasize the importance of the review learning process when 

facing homogeneous demand rather than heterogeneous demand. Homogenous demand in non-

game categories converges to a single “best” product, emphasizing the importance of feedback on 

apps from the users. A related study accentuates the potential of the reviews on user experience and 

user expectations to better understand the app’s functioning and the audience (Genc-Nayebi & 

Abran, 2017). Developers could get a lot of feedback that can be used for improving the app 

directly from the users.  

 

Conclusively, high volume and valence user reviews and ratings positively influence an app’s 

success. Special attention is given to low ratings and the potential to use the information when 

further developing an app. 

2.6 Revenue model 

Amit and Zott (2001) researched business models in e-business and found that the business model 

is a crucial source of value creation for a firm and the surrounding stakeholders. The authors 

describe three important e-business model aspects namely, the design of transaction content, 



 

 

19 

structure, and governance to create value. The configuration of the business model and the choice 

of technology influences the underlying revenue model, which defines how the firm’s added value 

can be monetized (Baden-Fuller & Haefliger, 2013). The revenue model of a firm refers to the 

specific ways a business model enables revenue generation for the business and the partners (Amit 

& Zott, 2012). The decisions in business and revenue model configuration can have great impact, 

H. Chesbrough (2007) even stated the following “a better business model often will beat a better 

idea or technology” emphasizing its importance.  

 

There are different business models that developers can embrace in the app stores, the main 

difference is the preference the revenue model. Developers offering a free mobile app can choose 

to integrate third-party advertising and affiliate programs or offer additional services as in-app 

purchases or subscriptions (freemium). Furthermore, developers can decide to let customers 

purchase the app and optionally offer additional services as in-app purchases (paymium). By 

offering a different revenue model configuration the developer can differentiate from competitors 

(Chesbrough, 2007).  

 

Research by mobile app analytics company AppAnnie, indicated that from 2012 to 2013 the 

revenue of paid and paymium revenue models shrank while the revenue of freemium revenue 

models increased with more than 200 percent (IDC, 2014). Findings also show that the most 

common value proposition for an in-app purchase is an additional functionality, followed by user 

experience, a combination, usage limitations, and time limitations. In another study, J. Zhang and 

Seidmann (2010) speculate upon the domination of the subscription freemium revenue model. 

 

Increasing free competition requires existing companies to choose whether to respond and in what 

manner (Bryce, Dyer, & Hatch, 2011). An example in the study of Bryce, Dyer, and Hatch (2011) 

is Skype, which offered an alternative to calling mobile and landlines. Shampanier, Mazar, and 

Ariely, (2007) researched the theoretical perspective that people tend to choose product with the 

highest cost-benefit distinction and the effects of free products. The results indicate that decisions 

regarding free products are evaluated with a bias, associating the benefits of free products higher 

than paid products.   
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Angeren et al. (2016) empirically demonstrate how revenue model configurations impact the 

number of downloads within the U.S. Apple App Store. They found that the use of a revenue 

model compared to no revenue model was associated with a greater number of new downloads, 

however, downloads decreased for apps with a paid configuration. Furthermore, they found that 

both freemium and third-party revenue models positively related to new downloads but not 

simultaneously. In a later study from Angeren, Podoynitsyna, and Langerak (2017) focused on the 

Entertainment, Productivity, and Utilities categories in the U.S. Apple App Store they repeatedly 

found that, on average, rather freemium than premium revenue configurations yielded more 

downloads and that combining freemium and third-party revenue configurations attenuates this 

effect. The authors found that freemium apps yielded more than six times more downloads than 

paid apps. They also found that freemium configurations rather than premium configurations yield 

more revenue for mass market apps and less revenue for niche apps. Conforming to Angeren et al. 

(2017), Lee and Raghu (2014) found that when offering free apps with or without in-app 

purchases is positively related to the sales performance. They argue that survival rates for these apps 

doubled compared to paid apps. 

 

Liu, Au, and Choi (2014) empirically studied the effect of a freemium strategy in the Google Play 

app store. They found that a freemium revenue model strategy is positively related to the sales of 

paid apps. Additionally, they found that high review ratings of the free versions lead to higher sales 

for the paid app after a trial experience. Controversially to the result of high ranking on the number 

of downloads of an app, a high ranking free app does not significantly impact the sales of the paid 

version. 

 

Roma and Ragaglia (2016) empirically examined how different revenue model configurations 

affect the revenue performance measured by the daily revenue rank in the U.S. Apple App Store 

and Google Play. They refer to free app configurations as apps monetizing by means of advertising 

and found that within the Apple App Store paid and freemium models are comparable and more 

effective than free configurations (third-party configurations) in terms of revenue performance. 

Controversially, in the Google Play app store, no significant differences between revenue 

configurations emerged. Although the freemium model positively influenced app revenue 

performance in the Apple App Store, it negatively influenced app revenue in the Google Play.  
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Ghose and Han (2014) find that demand increases when operating with in-app purchases and 

decreases when operating with in-app advertising. They argue that operating with in-app 

advertising might cause annoyance with users and is therefore deleterious while offering in-app 

purchases provides benefits by offering additional features. The results show that offering in-app 

purchases has the same effect on revenues as offering a 28% price discount, in-app advertising 

results in an 8% price increase. 

 

Contrarily to the benefits of free products, Bawa and Shoemaker (2004) describe three possible 

outcomes of providing free physical samples, 1) an acceleration effect where customers keep buying 

the product, 2) a cannibalization effect reducing the purchase of paid products, and 3) an 

expansion effect relating to new customers after the free sample. Correspondingly, an empirical 

study using a data set of 7.7 million observation by Arora, ter Hofstede, and Mahajan (2017) shows 

that offering free versions of paid apps negatively influences the paid app adoption speed. 

Additionally, they find that this effect is stronger for entertainment apps and paid apps in a more 

mature lifecycle stage. This might be a disadvantage of providing a free app as an alternative to a 

paid app to gain user attention. 

 

A freemium strategy can have different revenue model configurations e.g. subscriptions or in-app 

functionality purchases but also different trialability strategies. In a study comparing a limited 

version (freeware) and a time-locked version trial (trialware), results show that a time-locked 

strategy can cause issues if there is a threshold of the possible network effects (Cheng & Liu, 2012). 

Moreover, the optimal trial period depends on the multiple characteristics of the software: the 

perceived costs, the functionality of the software, and the prior user beliefs about the functionality. 

Consequently, they find that a limited version trial rather than a time-locked trial results in greater 

profits when a strong rather than modest network effect is present. Correspondingly, another study 

on freeware and trialware by Y.-J. Lee and Tan (2013) showed that potential users do not have a 

distinctive preference and that developers should not embrace freeware solely for the number of 

downloads. Confirming to Arora, ter Hofstede, and Mahajan (2017), the authors stress that 

freeware might severely cannibalize paid app sales. 

 

Freemium might be the most applicable business model up to date, but is it the best strategy to 

convert users to buy paid services or functionalities? Wagner, Benlian, and Hess (2014) researched 
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whether freeware is the best strategy for the conversion. The findings show that developers 

providing freemium services should assure a strong fit in features by carefully designing the 

equivalence of free and premium features to enhance the probability of conversion to paid apps. 

Additionally, Holm and Günzel-Jensen (2017) emphasize the key aspects for succeeding with 

freemium from a strategy point of view. They warn that offering a free service does not 

automatically guarantee success, it must have excellent value satisfy a latent need to have potential. 

Moreover, in line with the informative page of Apple, the authors argue that a freemium business 

model requires constant user acquisition and retention to make it successful, as well as profound 

market knowledge. 

 

The study of Hsu and Lin (2016) demonstrates that stickiness and social identification greatly 

influence the user’s motivation to buy additional in-app purchases. Moreover, Hsu and Lin (2015) 

empirically studied the intention to purchase paid apps and demonstrated that the perceived value 

for money have direct impact on the intention to purchase paid apps. 

 

Conclusively, the results of these studies indicate that the use of a revenue model in general is 

positively related to the success of an app. Furthermore, the freemium revenue model showed an 

overall superior performance over in-app advertising or paid apps. Some studies even indicate a 

negative result for using in-app advertising, especially when combined with a freemium revenue 

model. Although freemium apps showed a superior performance in general, some studies indicated 

that offering a free alternative to a paid version of the app can lead to cannibalization which 

negatively influences the adoption of the paid app. 

2.7 App discovery sources 

Although the mobile apps are legally always downloaded from the official Apple App Store, they 

can be discovered on multiple discovery sources. To decide whether to download or purchase an 

app, a potential user collects information that might originate from one or multiple discovery 

sources. A prominent information source is the app’s product information page on the app stores. 

As described in Chapter 2.2, the product page information contains textual and visual information 

created by the developer and reviews from the app’s users on the platform. Both aspects are 

imperative for the decision-making process in choosing and downloading a mobile app.  
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With the information gathered potential users must make the decisions whether to adopt the app. 

Duan, Gu, and Whinston (2009) contributed to the information cascade theory by demonstrating 

that user behavior in software adoption is similar to known predictions of information cascade 

theory. Information cascade occurs when a user adopts the actions of an individual that preceded 

in the same action. The results of the study present that online decisions of software products rise 

and drop in coherence with the changes in download ranking.  

 

Among the discover sources is the Top Chart list that is available within the Apple App Store and 

Google Play Store. According to a survey with 1,049 respondents 13 percent indicated they found 

the app via the Top Chart list (Henze & Pielot, 2017). Other app discovery sources studied by 

Henze and Pielot (2017) are internal platform searches (20 percent), friends and family (16 

percent), a review or social site (10 percent), a website (10 percent), a mobile browser (9 percent), 

the news (8 percent), and a billboard (6 percent). The findings of research by Gemser, Leenders, 

and Wijnberg (2008) show that different sources might have different credibility and award 

salience, which results in different user behavior.  

 

Functionalities and features and thus added value is converging leading to fierce competition in 

the app stores creating a hypercompetitive competition environment (Qiu et al., 2017). In the 

study of Qiu et al. (2017) the authors cite experiences of experienced developers in the Apple App 

Store as “saturated” and expressed their “fear” of failing to generate downloads. Emphasizing that 

even with a lot of experience developers must fight for attention of the users. The Top Chart in 

the app stores addresses this visibility, however, achieving a Top Chart position often requires a 

considerable marketing budget (Qiu et al., 2017). 

 
For the end user, the Top Chart is one of the top three preferred discovery sources (Henze & 

Pielot, 2017). In accordance with the information cascade theory, Jung et al. (2012) show in their 

research on product survival in the Apple App Store that users prefer to purchase high-selling 

products when they have insufficient. The authors refer to the concept as the bandwagon effect, 

explaining that the product preference of its users is mainly decided on the number of previous 

purchases by others. This is the same effect of the Top Chart lists on the app stores (Jung et al., 

2012).  
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Obtaining a rank within the Top Chart strongly influences the number of downloads and the 

revenue of a mobile app. Garg and Telang (2013) indicated that a high ranking in the App Store 

is strongly related with the downloads and by inference, the revenue of the apps. The authors 

estimated that an iPhone app at rank 1 of the Top Chart of the Apple App Store appreciates 150 

times more downloads than an app at rank 200. Consequently, an iPhone app at rank 1 appreciates 

95 times more revenue than an app at rank 200 on the Grossing Top Chart. Carare (2012) 

empirically studied the app rankings in the Apple App Store and provides evidence that historical 

information on the popularity of products in a form of bestseller lists, strongly influences a user’s 

purchase decision. Carare (2012) indicate that the public bestseller status of top ranked apps 

strongly determines the demand. Additionally, the authors find that the willingness to pay is 

significantly higher ($4.50) for a Top Chart app but steeply declines after the top 50 apps. When 

an app achieved a Top Chart position, the average duration of the high ranking position is longer 

(seven months) in the Android ecosystem compared to the Apple App Store (five months) (Kapoor 

& Agarwal, 2017). The findings of Kapoor and Agarwal (2017) show that in the Apple App Store, 

half of the developers exit the 500 Top Chart within two months. For the Android ecosystem, the 

duration is five months. 

 

Conclusively, there are multiple app discovery sources, among them the Top Chart. A position in 

the Top Chart can generate much value for the developers and is therefore a goal revenue seeking 

developers should aim for, separating them from the millions of other apps that are not listed in 

the Top Charts. 

2.8 Summary and research questions 

The main app characteristic categories exist of the app’s product page information, the availability 

of the app in the app platforms, developer experience and portfolio, word of mouth by reviews and 

ratings, and an app’s revenue model configuration. An overview of the prior literature related to 

app characteristics is presented in Table 1. This overview includes the store the study was dedicated 

to, the focus of the study, the duration of the data used for analysis, the methodology, and the total 

number of observations used for the analysis. Each of the studies are labeled with a number in 

between brackets e.g. [1], this number is used for referencing with Figure 1. An overview of the 

different app characteristics with associated findings from prior literature is shown in Figure 1. 
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Prior literature overview    

[1] Ghose and Han (2014) 

Stores 

Google Play (US) 

Apple App Store (US) 

Study focus 

Estimation of 
consumer 
preferences 
(demand) toward 
different mobile app 
characteristics for the 
Top Chart 400 (Free 
& Paid) 

Duration 

4 months 

Methodology 

Empirical – 
random-
coefficients 
nested logit 
model 

Observations 

404,800 

[2] Jung, Baek, and Lee (2012) 

Stores 

Apple App Store 

(Korea) 

Study focus 

Survival analysis on 
the Top Chart 100 
(Free & Grossing) 

Duration 

6 months 

Methodology 

Empirical – 
Weibull 
parametric 
survival 
analysis 

Observations 

37,200 

[3] H. W. Kim, Kankanhalli, and Lee, (2016) 

Stores 

NA – general app 
market 

Study focus 

Analyzing the factors 
that users consider in 
their buying 
decisions of mobile 
Apps for their 
smartphones 

Duration 

NA 

Methodology 

Interviews + 
surveys 

Observations 

30 
interviews 

[4] Liu, Au, and Choi (2014) 

Stores 

Google Play (US) 

Study focus 

Analysis on the 
effects of a freemium 
strategy for the Top 
Chart 500 (Free, 
Paid & Grossing) 

Duration 

2 months 

Methodology 

Empirical – 
ordinary least 
squares 
(OLS) 
regression 

Observations 

60,142 

[5] Hsu and Lin (2015) 
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Stores 

App market (Taiwan) 

Study focus 

Analysis of the user’s 
intention to 
purchase paid apps 

Duration 

NA 

Methodology 

Surveys 

Observations 

507 
respondents 

[6] Lee and Raghu (2014) 

Stores 

Apple App Store (US) 

Study focus 

Survival analysis for 
a developer’s product 
portfolio strategy for 
the Top Chart 300 
(Grossing) 

Duration 

9 months 

Methodology 

Empirical – 
hazard and 
count 
regression 
model 

Observations 

530,503 

[7] Kapoor and Agarwal (2017) 

Stores 

Google Play (US) 

Apple App Store (US) 

Study focus 

Analysis on how 
structural and 
evolutionary features 
of the ecosystem 
influences 
developers’ ability to 
sustain superior 
performance for the 
Top Chart 500 
(Grossing) 

Duration 

2 years 

Methodology 

Empirical – 
continuous 
time event 
history 
analysis 

Observations 

12,961 

[8] P. L. Yin, Davis, and Muzyrya (2014) 

Stores 

Apple App Store (US) 

Study focus 

Analysis on the 
development of 
‘killer’ apps, which 
are apps that get in 
the Top Chart 300 
(Grossing) 

Duration 

1 year 

Methodology 

Empirical – 
ordinary least 
squares 
(OLS) 
regression 

Observations 

328,428 

[9] Comino et al. (2016) 

Stores 

Google Play (EU) 

Apple App Store 
(EU) 

Study focus 

Analysis on the 
developer update 

Duration 

6 months 

Methodology 

Empirical – 
ordinary least 
squares 

Observations 

30,738 
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strategies in the Top 
Chart 1000  

(OLS) 
regression 

[10] H. W. Kim et al. (2016) 

Stores 

NA – general app 
usage 

Study focus 

Analysis on the 
antecedents affecting 
app usage among 
smartphone users 

Duration 

NA 

Methodology 

Surveys 

Observations 

257 
respondents 

[11] Khalid, Shihab, Nagappan, and Hassan (2014) 

Stores 

Apple App Store (US) 

Study focus 

Analysis on the 
nature of low app 
ratings 

Duration 

NA 

Methodology 

Qualitative 

Observations 

6,390 

[12] Zhou and Duan (2016) 

Stores 

NA – software in 
general 

Study focus 

Analysis on the effect 
of reviews on 
software downloads 

Duration 

6 months 

Methodology 

Empirical 

Observations 

19,022 

[13] Finkelstein et al. (2017) 

Stores 

Blackberry World 
App Store 

Study focus 

Analysis on the 
effects of app 
descriptions, price, 
features, and ratings 
on app downloads 

Duration 

NA 

Methodology 

Empirical –  

correlation 
analysis 

Observations 

40,000 

[14] Angeren, Podoynitsyna, and Langerak (2016) 

Stores 

Apple App Store (US) 

Study focus 

Analysis on the 
effects of different 
revenue model 
configurations on 
app downloads 

Duration 

5 months 

Methodology 

Empirical – 
linear 
random 
effects (GLS) 
regression 

Observations 

16,177,320 

[15] Roma and Ragaglia (2016) 
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Stores 

Google Play (US) 

Apple App Store (US) 

Study focus 

Analysis on the 
effects of the revenue 
model configurations 
on app ranking 

Duration 

5 months 

Methodology 

Empirical – 
standard 
random effect 
regression 
model  

 

Observations 

2,177 

[16] Arora, ter Hofstede, and Mahajan (2017) 

Stores 

Google Play (US) 

Study focus 

Understanding the 
implications of 
offering free versions 
for the adoption 
speed of paid apps 

Duration 

3 years 

Methodology 

Empirical – 
maximum 
likelihood 
estimation 

Observations 

7,700,000 

[17] Angeren, Podoynitsyna, and Langerak (2017) 

Stores 

Apple App Store (US) 

Study focus 

Understanding the 
effect of the 
freemium revenue 
model configuration 
on app downloads 
and revenue 

Duration 

5 months 

Methodology 

Empirical – 
zero-inflated 
negative 
binomial 
regressions 

Observations 

306,126 

Table 1. Prior literature overview (references for Figure 1) 
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Figure 1. Theoretical background overview including study references (colored) 

There are multiple app discovery sources, among them the app stores their own “bestselling” Top 

Chart lists. The Top Charts can be split up in the Free Top Chart, Grossing Top Chart, and Paid 

Top Chart. A position in these Top Charts can provide extra visibility to highly performing mobile 

apps. The increase in visibility and trustability (through word of mouth) creates the potential to 

generate a lot of value due to the demand it generates. Although several studies have focused on 

app characteristics and their relation to success in ranking, these studies have some limitations and 

exclude some interesting aspects such as obtaining a Top Chart position. Many of the studies only 

include the top performing Top Chart apps excluding the less popular apps, which account for 

most of the apps in a realistic app store dataset. Hence, the datasets that are used in some studies 

might be unbalanced and results might not be applicable for the less popular apps.  

 

Additionally, in all studies related to app characteristics, classical statistical methods are used to 

analyze the relations between the app characteristics and the researched subject demand, 

downloads, ranking, or revenue. These classical statistical methods are unable to detect the non-

linear and multi-dimensional dependencies that might be present. This might be related to the 
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limitations in data from multiple studies only researching the effects of the Top Chart (killer) apps 

that are already high performing.  

 

Research Questions 

Since an enormous advantage can be appropriated when accomplishing a high-level rank in the 

Top Chart lists of the app stores the research questions for this master thesis project are:  

Q1: To what extent can a top 1000 Top Chart position be predicted using neural networks? 

Q2: What is the predictive influence of app characteristics on a top 1000 Top Chart position 

in the Apple App Store? 

Q3: Are there synergetic effects between app characteristics when predicting a top 1000 Top 

Chart position? 
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3 Dataset 
This Chapter provides the empirical background for the weekly panel U.S. Apple App Store 

dataset, describing the variables and their potential influence on a Top Chart ranking position 

based on the theoretical background. Additionally, some descriptive statistics are provided to better 

understand the nature of the panel dataset. Most prior literature has focused on the Apple App 

Store, the Google Play, or both app stores. Although both app stores are interesting research 

resources, the closed hierarchical approach of the iOS platformisation (Basole & Karla, 2012; 

Bresnahan & Greenstein, 2014; Eisenmann, Parker, & Van Alstyne, 2008) provides a closed 

environment that excludes any external activities that might influence the results. 

3.1 Data description 

The dataset consists of three different sub-datasets containing data on the app characteristics, the 

Top Chart ranking in the Apple App Store, and the in-app purchases for freemium and paymium 

mobile apps. The period of the data collection started on the 30th of January in 2016 and ends the 

20th of January in 2017. The datasets are constructed by ‘scraping’ available information through 

app analytics companies such as SensorTower and AppLyzer. The app characteristics and in-app 

purchases datasets are collected in cycles of 12 days. Due to the dynamic nature of the Top Charts 

ranking this data is collected daily. The original app characteristics dataset contains data of 

1,914,950 mobile apps resulting in a total of 39,129,916 data points. The key variables for the 

Top Chart rankings (containing the dependent variable) are described in Table 2, the key variables 

of the app characteristics dataset are described in Table 3, and the key variables for the in-app 

purchases dataset are described in Table 4. 

 

Top Charts ranking dataset (daily) 

Key variable name  Description 

idi The unique identifier for app i  

Charti,t The Top Chart name that was collected (Grossing, Free, Paid) for app i 

on date t 

devicei,t The device (iPhone or iPad) related to the Chart for app i on date t 

ranki,t The rank (top 1000) for app i on date t 

Table 2. Data description daily Top Charts ranking dataset U.S. Apple App Store 
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App characteristics dataset 

Key variable name  Description 

idi The unique identifier for app i  

firstseeni The date that app i was first collected in the dataset. This 

was earlier than the start of the dataset used for this study. 

titlei,t The title of app i on date t 

developeri,t The name of the developer for app i on date t 

developerwebsitei,t The URL of the developer website for app i on date t 

editorial_badgei,t The editorial badge ('Editor's Choice' or 'Essentials') for 

app i on date t 

categoryi,t The Apple App Store category (e.g., Entertainment, 

Games, Productivity) for app i on date t 

purchasesi,t A dummy variable that takes a value of one if app i 

includes in-app purchases on date t (0 otherwise) 

pricei,t The initial price in US dollars for app i on date t  

quan_screenshotsi,t The number of screenshots provided on the product page 

for app i on date t  

len_descriptioni,t The number of description characters for app i on date t 

watchi,t A dummy variable that takes a value of one if app i offers 

an Apple Watch app on date t (0 otherwise) 

content_ratingi,t The numeration of the age usage restrictions for app i on 

date t 

sizei,t The app file size measured in MB for app i on date t 

quan_languagei,t The number of languages available for app i on date t 

english A dummy variable that takes a value of one if app i offers 

English as a language on date t (0 otherwise) 

appversioni,t The version number for app i on date t 

ratingsi,t The accumulated number of ratings for app i on date t 

ratingi,t The average valence of the customer ratings for app i on 

date t 



 

 

33 

ratingscurrentversioni,t The number of customer ratings for the version of app i 

on date t 

ratingcurrentversioni,t The average valence of the customer ratings for the version 

of app i on date t 

quan_moreappsi,t The number of apps that appeared under 'More by this 

Developer' on the app product page for app i on date t 

quan_alsoappsi,t The number of apps that appeared under 'Customers Also 

Bought' for the app i product page on date t 

quan_partofbundlei,t The number of app bundles that app i is included in (only 

for priced apps) on date t 

Table 3. Data description app characteristics dataset U.S. Apple App Store 

In-app purchases dataset 

Key variable name  Description 

idi The unique identifier for app i  

ranki The popularity rank of the in-app purchase item for app i 

pricei The price of the in-app purchase item for app i 

Table 4. Data description in-app purchases dataset U.S. Apple App Store 

The apps in the Apple App Store are classified in 25 different categories. Prior literature (Angeren 

et al., 2016, 2017; Ghose & Han, 2014; P. L. Yin et al., 2014) define the following categories: 

Books, Catalogs, Newspapers and Magazines, and Reference as categories that are used solely to 

embody specific content and are therefore only content related. Since the success of these mobile 

apps might be highly correlated with the quality and popularity of the content that is offered, these 

might generate undesirable dependencies. However, categories such as Books and Reference also 

contain apps that are not only used related to embody content, e.g. the well-known Google 

Translate or Wikipedia in references and Kindle or Scribd in books. Additionally, the category 

stickers is excluded from the dataset. ‘Apps’ in the category stickers don’t exist in the current app 

store and do not represent a mobile app, these function as extensions to external mobile apps. 

Conclusively, the categories Catalogs, Newspapers and Magazines, and stickers, accounting for 

203,013 data points, are excluded from the dataset. Moreover, the dataset included some irregular 

ids e.g. ‘a’, ‘ago’, ‘app’, or ‘a-app’ totalling 954 app ids. Since these app ids are also related to 
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inconsistent data points these have been excluded from the dataset. The exclusions of the categories 

and irregular app ids resulted in a minor smaller app characteristics dataset of 1,876,629 apps and 

38,907,168 data points. The definite list of categories that are included in the final dataset are: 

Books, Business, Education, Entertainment, Finance, Food and Drink, Games, Health and Fitness, 

Lifestyle, Medical, Music, Navigation, News, Photo and Video, Productivity, Reference, Shopping, 

Social Networking, Sports, Travel, Utilities, and Weather.  

 

The Games category is by far the largest category containing 27 percent of all apps in the dataset, 

followed by the categories Education and Business both around 9 percent. For the top 1000 ranking 

apps, the Games category is also the largest indicating that 44 percent of the data points that contain 

a ranking position within the Free, Grossing, and Paid top 1000 Top Charts. Although the Photo 

and Video category only accounts for 2.7 percent of the total dataset, it captures the second largest 

position with regards to ranking with 8.5 percent of the data points ranking in the top 1000 Top 

Charts. The third largest is the category entertainment containing 6.7 percent of the top 1000 Top 

Charts. Figure 2 provides an overview of the number of data points for each category, a complete 

overview including ranking and percentages is shown in Appendix I in Table 22. 

 

 

Figure 2. Quantity data points for each Apple App Store category 

There are three known data limitations related to both the app characteristics dataset and the daily 

Top Charts ranking dataset. The first limitation is related to the watch dummy variable in the app 

characteristics dataset, the variable is not coded from week 70 until the final week 76. Since this 
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data is missing for more than 20 percent of the dataset, this variable is not included in the study. 

Secondly, the coverage of the collected rankings was systematically reduced from the top 1000 Top 

Charts to the top 400 Top Charts from day 159 until 219. For these 60 days, the positions 600 to 

1000 are not collected for the Top Charts. The final limitation is the switch of the ranking source 

from SensorTower to AppLyzer on day 220 for the Top Chart ranking data, this doesn’t directly 

cause any missing data but might influence the data.  

 

Dataset transformation  

To create a suitable dataset for an analysis, the app characteristics, Top Chart ranking, and in-app 

purchases dataset are merged into one coherent dataset. Since the objective of this study is to 

research which app characteristics influence obtaining a Top Chart ranking position, the app 

characteristics which includes all app characteristics is the leading dataset in terms of time series. 

To be able to merge the datasets, the in-app purchases dataset is split on purchase rank (1 up to 

10) and the Top Chart ranking dataset is split and chart (Free, Grossing, and Paid) and device 

(iPhone or iPad). Subsequently, the datasets are joined using the app id and the collection date t 

of the data points resulting in one coherent dataset with a maximum of 29 data points for each 

app id containing the in-app purchases (if applicable) and the Free, Grossing, and Paid iPhone 

and iPad Top Chart rankings (if applicable). Apps can include a Top Chart ranking in more than 

one Top Chart, however, a Free app can never be listed on the Paid Top Chart and contrariwise. 

During the period the data is collected apps have been introduced and discontinued, hence, there 

are only 751,235 apps that have all 29 data points available in the dataset. Figure 3 presents an 

overview of the quantity of apps (unique ids) plotted against the quantity of available data points.  
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Figure 3. Number of apps (unique ids) and the number of data points available per app 

Variable significance 

Based on the theoretical background the potential influence of a variable on a Top Chart position 

is described. For all five app characteristic categories, the variables that are available in the merged 

dataset are related to the app characteristic variables in Figure 1. Additionally, the variables that do 

not relate to any prior findings but do relate to an app characteristic category are described. 

 

There are three variables that can be related to the product page information findings in the prior 

literature, namely len_description, quan_screenshots, and app_size. As presented in 

Figure 1, the results of the study of Ghose and Han (2014) indicate that the first two variables, the 

length of the description characters as len_description and the number of screenshots as 

quan_screenshots, have a positive effect on the demand of a mobile app. Although they also 

show that app_size has a negative influence on demand, Jung et al. (2012) find that the size of 

an app increases the survival within the Top Charts. Furthermore, the dataset contains variables 

that do not show in any previous studies but which are related to the product page information, 

the quantity of available languages as quan_languages, the availability of the English language as 

english, and a new variable related to the length of the app title based on the variable title can 

be created as len_title. 
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Despite that prior literature related to the availability app characteristics category indicates that the 

characteristics cross-category, cross-chart, and cross-platform, relate to an app’s success, these are 

not (directly) included in the dataset. However, there are three other variables that are related to 

the availability of the apps throughout the app store, the category, the quan_partofbundle, 

and the quan_alsoapps variable. The category indicates the primary category in the app store 

which is leading for discoverability when users browse through categories in the Apple App Store. 

The variable quan_partofbundle indicates the number of apps includes in the bundle if the app 

is also offered in a bundle. To indicate if the app is in a bundle a dummy variable is created as 

partofbundle. The variable quan_alsoapps specifies the number of apps shown in the 

‘Customers also bought’ section in the Apple App Store. 

 

One of the variables that is positively related to an app’s demand and ranking in the prior literature 

is the lifetime of the app. Based on the firstseen variable in the dataset the app lifetime in days 

since the start of initial data collection can be calculated as app_age. An indication of the number 

of apps from a developer can be aggregated based on the unique app ids over the total period as 

quan_apps_developer. This variable indicates a developer’s experience and presence in the 

Apple App store. Furthermore, the changes of a version can be computed by comparing the version 

number of variable version on date t to date t-1 as version_change. Although one study 

found a positive relationship between the speed of the version updates and the app demand, the 

speed of the version, major changes, and minor enhancements are not available in the dataset. 

Additionally, there are two variables available that are not researched in prior literature. The 

developer_website variable, which indicates whether the developer included a company website, 

and the quan_more_apps variable, providing the number of apps that show in the ‘More apps 

from this developer’ section in the Apple App Store. 

 

Two of the most extensive researched characteristics in the mobile app ecosystem are the volume 

and valence of the user ratings. The dataset includes the accumulated number of ratings and the 

valence of the rating for the lifetime of the app as ratings and rating and the version of the app 

ratingscurrentversion and ratingcurrentversion. Although prior research shows that 

external expert reviews can influence an app’s downloads and ranking and additional external 

‘expert’ sources are not included in the dataset, the variable editorial_badge indicates an 

internal ‘expert’ review by Apple representing featured apps. 
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The final app characteristic category is the revenue model configuration, most literature focused 

on the freemium revenue model and how it compares to other business models. The two variables 

price and purchases create the opportunity to compute the dummy variables free, freemium, 

paid, and paymium are created in the dataset. When the price and purchases are both of value 0 

the app has a Free or third party advertising revenue model, when the price is value 0 and the 

purchases indicates value 1 the app has a Freemium revenue model, when the price is higher than 

0 and the purchases are value 0 the app has a Paid revenue model, and when the price is higher 

than zero and the purchase indicates value 1 the app has a Paymium revenue model. No prior 

literature has been dedicated to the paymium revenue model. Although research indicates a 

negative effect of third party advertising on downloads and sales for mobile apps, the information 

on whether an app is free or operates with third party advertising is not available in the dataset. 

Besides the revenue model configuration, one prior study shows that the price variable (if 

applicable) influences the demand of an app. Hence the direct inclusion of the variable price. 

Additional to the freemium and paymium revenue model configuration, the dataset consists of the 

available purchases including prices. For each of the available purchases n (1 to 10) a dummy 

variable is created as purchase_n including the price of the purchase as price_n. 

3.2 Descriptive statistics  

Although standard descriptive statistics do not provide a lot of insight in the multiple multivariate 

time series, it can provide an overview of the averaged time series in the dataset. Since each app id 

varies in the number of available data points, the mean of the key variables for each unique app id 

is used for the descriptive statistics. The descriptive statistics overview in Table 5 and Table 6 

present the central tendency, measures of variability, and spread for both the dependent (output) 

variables and the independent (input) variables. Table 5 shows descriptive statistics of the key 

dependent variables. The dependent dummy variables indicate a Top Chart position in the top 

1000 in all Top Charts and the Free, Paid, and Grossing Top Charts. The Table shows that the 

complete dataset is very unbalanced with a mean of 0.0005 per specific Top Chart category and a 

mean of 0.0013 for the overall top 1000 Top Chart indication variable. Table 6 includes the 

descriptive statistics of the key variables in the dataset. Additional to the key variables, the variables 

related to the Freemium and Paymium revenue model that include the number of available 

purchases and prices are presented in Table 23 in Appendix II. 
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Descriptive statistics of key dependent (output) variables 

Variable Mean 
Standard 
Deviation Minimum Maximum 

Top Chart 0 to 1000 (dummy) 0.0013 0.0288 0.0 1.0 

Free Top Chart 0 to 1000 (dummy) 0.0005 0.0176 0.0 1.0 

Paid Top Chart 0 to 1000 (dummy) 0.0005 0.0173 0.0 1.0 

Grossing Top Chart 0 to 1000 

(dummy) 
0.0005 0.0183 0.0 1.0 

Table 5. Descriptive statistics of key output variables 

Descriptive statistics of key independent (input) variables 

Variable Mean 
Standard 
Deviation Minimum Maximum 

Title character length 27.43 22.6 2 714 

Number of Screenshots 3.77 1.35 0 10 

Description character length 925.59 925.08 0 22870 

App size in MB 37.17 83.32 0 4075.52 

Number of languages 3.22 6.13 0 190 

English language (dummy) 0.97 0.16 0 1 

App age in days 338.05 221.16 0 776 

Developer website (dummy) 0.37 0.48 0 1 

Price 0.81 7.89 0 999.99 

Paymium revenue model 0.01 0.1 0 1 

Paid revenue model 0.2 0.4 0 1 

Freemium revenue model 0.08 0.27 0 1 

Free revenue model 0.7 0.45 0 1 

Editor’s Choice label 0 0.01 0 1 

Essentials label 0 0.01 0 1 

Version change (dummy) 0.03 0.08 0 0.96 

Number of ratings 124.53 5269.21 0 2931395.96 

Rating valence 3.68 0.96 1.00 5.00 

Number of ratings version 20.77 593.33 0 209956.62 
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Rating valence version 3.67 1.00 1.00 5.00 

Table 6. Descriptive statistics of key input variables 

A few apps seem to not offer any languages since the minimum in Table 6 indicates the value 0, 

this seems to be the case for 7059 unique app ids. An explanation for apps without a specified 

language might be the availability of calculators and other non-language related apps. For the apps 

that do offer languages around 97 percent offer the English language. Although the U.S. Apple 

App Store exists since the year 2008, data collection for the data used for this study started in the 

year 2015. Hence, the maximum value for app_age is 776 days. Moreover, only 37 percent of the 

developers have included a developer website. It is interesting to note that almost 80 percent of the 

apps are offered for free. This includes around 70 percent of free apps that might offer third party 

in-app advertising. Around 8 percent of the free offered apps operate with a freemium revenue 

model configuration. Although almost 80 percent is offered for free, the average price is 0.81. The 

second most popular revenue model is the paid revenue model including 20 percent of the apps in 

the dataset. The least popular revenue model is the paymium revenue model only including around 

1 percent of the dataset. The variable version_change shows that many apps are not updated 

regularly within the data collection period, indicating a mean of 0.03. Both rating and 

ratingcurrentversion show quite a high average rating of 3.67 out of 5. Since the non-

available values are removed, this is computed on the apps that included at least one rating. 
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4 Methodology 
The methodological choices made to answer the research question are outlined and justified in this 

chapter. Since the dataset exists of temporal sequenced data a time series forecasting method is 

used. Time series forecasting has been dominated by traditional linear methods like ARIMA 

(Brownlee, 2017c). According to Brownlee (2017) these traditional methods have limitations 

focusing linear relationships, complete data, fixed temporal dependence, univariate data, and one-

step forecasts. An alternative approach for predicting a Top Chart ranking position for apps is deep 

learning methodology. Deep learning methods are specific machine learning methods inspired by 

the functions and neuronal structure of the brain, named Artificial Neural Networks (ANN). An 

ANN can learn possibly noisy and non-linear relationships with arbitrarily defined but fixed 

numbers of inputs and outputs supporting multivariate time series forecasting (Brownlee, 2017c). 

Due to the increased availability of data and economical computing power, deep learning methods 

have been widely applied in the areas such as image recognition, speech recognition, and data 

behavioral recognition. There are two main applications of deep learning, supervised learning and 

unsupervised learning. A supervised learning algorithm learns a mapping function for the input 

(X) and output (Y) variable(s). When the algorithm approximates the mapping function with a 

high accuracy, new output (Y) data can be predicted based on new input data (X). Supervised 

learning can be used for two different problems, classification problems where the output variable 

is a category and regression problems where the output variable can be a continuous value. 

Contrarily, unsupervised learning only uses input (X) variables with the objective to learn 

underlying patterns. Since this study compares different model performances on classifying 

whether an app obtains a Top Chart position, it can be classified as a supervised classification. An 

overview of the input (X) variables, a hidden layer, and the output (Y) variable of a supervised 

learning model is shown in Figure 4. 

 

 

Figure 4. Overview of an ANN for a supervised learning problem 
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Although a deep learning method might be performing better than traditional statistical methods, 

the importance of the features or independent variables is not provided by the model. Hence, a 

logistic regression methodology is used in addition to the results of the neural network model.  

4.1 Recurrent neural networks 

There are two main types of ANN, the Conventional Neural Network (CNN) and the Recurrent 

Neural Network (RNN). When handling sequence dependence a RNN is preferred since this 

method includes the learning of temporal dependence in each sequence (Brownlee, 2017c). Based 

on the standard RNN, improved variations have been presented to improve the main problem of 

a standard RNN, which is the vanishing gradient problem overwriting its content in each time 

step. A Long Short-Term Memory (LSTM) RNN can determine whether to keep existing memory 

by using gates (Hochreiter & Schmidhuber, 1997). As the name implies, important features at 

early stage can be memorized over a long distance that might capture long-distance dependencies. 

A more recent development is the Gated Recurrent Unit (GRU) RNN (Chung, Gulcehre, Cho, 

& Bengio, 2014). The difference with a LSTM RNN is that a GRU RNN does not control the 

memory content that is seen or used by other units in the network with an output gate (Chung et 

al., 2014). Although Chung et al. (2014) indicate that there is no clear winner in performance 

between the LSTM and GRU RNN, the greater expressive ability of the LSTM RNN might lead 

to better results when having sufficient data. Hence, the LSTM RNN is used as method for this 

study.  

 

Long Short-Term Memory Recurrent Neural Network 

Figure 5 presents the blueprint of a LSTM RNN unit cell. The LSTM cell contains the following 

components: forget Gate f t (sigmoid), input Gate i t (sigmoid), candidate layer C̃t (tanh), output 

Gate o t (sigmoid), hidden state h t (vector), and cell state Ct (vector). The forget Gate decides 

what information to dispose from the previous hidden cell state h t-1. The outcome is multiplied 

with the previous cell state Ct-1. Subsequently, the information that must be stored in the new cell 

state Ct must be defined. The input Gate i t decides what values are updated, candidate layer C̃t 

creates a new vector for the candidate values. The input Gate i t and the candidate layer C̃t are 

multiplied with each other and added to the updated cell state Ct. The final step is deciding what 
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to output in the output Gate o t. The twice updated cell state Ct is rescaled with tanh and 

multiplied with the output of Gate o t updating the new hidden state h t.  

 
Figure 5. LSTM module and the interacting layers based on the blog of Olah (2015) 

4.2 Data preparation 

To prepare the dataset for the LSTM RNN, the data must be prepared for a supervised learning 

problem and must therefore be split for training, test, and validation datasets. To prepare the data 

the categorical variables must be transformed to numerical variables, all variables must be scaled, 

and sequences must be padded. A LSTM RNN requires the data to transformed in a vectorized in 

the form of a tensor (3D array) including the samples (app ids), the sequences (time steps), and 

the features (input or output variables). Figure 7 presents an overview of the steps that are taken 

to prepare the dataset. In step 1 the categorical variable category is transformed by using one-hot-

encoding. One-hot-encoding creates multiple variables for a categorical variable, each unique 

category value for the category variable is transformed to a new dummy variable indicating an 

app’s category presence. Since the goal of this study is to classify whether apps reach a Top Chart 

position, the variable rank, indicating the rank between 0 and 1000, is transformed to four dummy 

variables indicating a position in the top 1000, 400, 100, and 10 for the Free, Grossing, and Paid 

Top Charts in both iPhone and iPad Top Chart lists. Four supplementary variables rank_0_1000, 

rank_0_400, rank_0_100, and rank_0_10 for both iPhone and iPad are created indicating a 

rank in any of the Top Charts. Additionally, all values are normalized using the MinMaxScaler of 

Scikit-Learn, returning values within the range of 0 to 1. Step 2 groups the data points based on 
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the app ids to be able to split the dataset in the input (X) data and the output (Y) data based on 

samples (app ids) in step 3. 

 

Since the LSTM RNN requires vectorized data, the length of each sequence (the number of time 

steps) must be the same. Hence, the sequences for each sample are padded using Sequence Padding. 

Sequence Padding generates zero valued sequences for non-existing sequences, an example for 

quan_sequences of value 16 is shown in Figure 6. Since the dataset contains a maximum of 29 

time steps, the number of sequences are padded to 29 in step 4 for both the input (X) and output 

(Y) data. Subsequently these zero values can be ignored by using a mask when building the LSTM 

RNN model. 

 

Figure 6. Sequence padding example 

For grouping the app ids are alphabetically ordered. Since apps that are introduced later have a 

higher id number, an undesirable effect might influence the results. Hence, app ids for both the 

samples in the input (X) and output (Y) data are shuffled in unison in step 5, containing the right 

combination of input and output data for the samples. The final step 6 splits the shuffled samples 

in the train, test, and validation datasets using a deep learning standard distribution of 70 percent, 

25 percent, and 5 percent respectively. Resulting in the following tensors that can be used for 
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training, validation, and testing: trainX, trainY, testX, testY, validationX, and validationY. The 

validation dataset is used for controlling the training process and the test dataset is used to evaluate 

the model’s performance.  

 

Figure 7. Data preparation for the LSTM RNN 
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4.3 Analysis approach 

The research objective for this study is to analyze the influence of app characteristics on a Top 

Chart ranking position including the potential differences in the different Top Charts and within 

the categories. Therefore, an LSTM RNN model is created to be able to predict a position in the 

Top Chart ranking. Contradictory to the standard statistical methods, neural networks are often 

referred to as “black boxes” due to their inability to provide explanatory insight in the variable 

importance for a model’s prediction performance (Olden & Jackson, 2002). The ANN does not 

explicitly indicate the established relationship between the input variables and the dependent 

output variables. Hence, an alternative approach should be followed. 

 

Based on the app characteristics categories retrieved from prior literature, control variables and 

related groups of inputs (X) variables can be defined as input feature groups. Multiple models can 

be trained and evaluated based on different configurations. The performance to create the mapping 

function of each LSTM model can be approximated and compared for different configurations, 

indicating the influence of each feature group. To analyze the different models, the first model is 

trained on all feature groups and follows a feature group backward stepwise elimination (Gevrey, 

Dimopoulos, & Lek, 2003). The app characteristic categories that are used as control input 

variables are the product page and the availability categories. The feature groups that are tested are 

the most prominent app characteristic categories revenue model, developer experience, and word 

of mouth. This leads to a total of eight feature group configurations that are tested, one 

configuration including all variables, three configurations excluding each feature group that is 

eliminated, three configurations excluding the combinations of two feature groups that are 

eliminated, and one configuration excluding all three elimination feature groups. The result in 

change of the loss of the model represents the relative importance of the input variables.  

 

To clarify the performance results of the different models a standard logistic regression is also run 

with the same groups of features. The results of the logistic regression are related to the change in 

performance results and the previous literature. 

 

Model configuration and training 

To be able to use a LSTM RNN model to predict classifications a model must be trained. To be 

able to train a LSTM RNN model the network structure and learning algorithm must be defined, 
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compiled, and fitted. One important aspect of the model is the configuration of the 

hyperparameters of the model. The hyperparameters can be categorized in hyperparameters that 

determine the network structure, and hyperparameters that determine the learning algorithm. The 

hyperparameters that determine the network structure are the number of neurons, dropout, weight 

initialization, the activation function, and the number of hidden layers. The hyperparameters that 

determine the learning algorithm are the learning rate, momentum, number of epoch, and batch 

size. 

 

Besides previously researched optimal configurations for specific datasets, there is no golden 

standard to define a model. Hence, optimization of the hyperparameters is one of the most 

important aspects of building the best performing predictive model. Since training a complex 

model can require a significant amount of time and computational capacity, the category Photo 

and Video, which contains a sufficient number of Top Ranking apps compared to other categories, 

is used as a sample to test different hyperparameters settings. To ensure that the model can learn 

the ratio of ranking apps for each dataset is controlled and around 0.32 percent, indicating a very 

unbalanced dataset with few positive values. The hyperparameter configuration tuning is 

performed on all input (X) variables and on predicting the output (Y) rank_0_1000 dummy 

variable, indicating a Top Chart ranking position in any of the top 1000 Top Charts. The method 

used for tuning the hyperparameters is named gridsearch. Gridsearch evaluates the possible 

configurations of given hyperparameters ranges. For each hyperparameters the settings that are 

tested are defined.  

 

The number of neurons (units) define the size of the hidden layer(s) in the model. The more 

neurons the more complex and the more computing power and time. The number of neurons are 

related chosen from numbers to the power of two. The default number in Keras is set to 32 

neurons. There are three rule of thumbs that should be taken into account according to (Heaton, 

2008): the number of neurons should be between the number of input and output neurons (68 

and 1), the number of neurons should be two thirds of the number of input neurons plus the size 

of the output neuron (46), and the number of hidden neurons should be less than twice than the 

number of input layers (<136). Both the default (32) and 64 neurons are tested in the 

hyperparameter configuration.  
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The use of a dropout in classifying networks is used to regularize the network which prevents 

overtraining or overfitting. Overfitting occurs when the network learns the training data so well 

that it does not perform on any unseen data. The dropout randomly sets a constant from 0.0 (no 

dropout) to 1.0 (complete dropout) provided proportion to value 0 to regularlize the network and 

prevent it from overfitting. A validation dataset containing 5 percent of the full dataset is used to 

analyze whether the network is overfitting.  

 

When neural networks were introduced the networks used to be initialized with small random 

values for the weight initialization. Keras, a deep learning library, provides many different weight 

initialization settings. The LSTM layer from the Keras library uses the Glorot Uniform weight 

initialization method as the default setting for the layer. Brownlee (2017a) states there are four 

kernel initializers that should always be tested, the Random Uniform (RU), Random Normal 

(RN), Glorot Uniform (GU), and the Glorot Normal (GN). Since the model is created for a binary 

classification task, a sigmoid activation function is set in the output dense layer generating values 

between 0 and 1. Moreover, the default activation function in the LSTM layer is the sigmoid 

function, which is used most frequent for classification problems. 

 

Hidden layers define the deepness of the model and create additional layers of complexity in the 

model. The hidden layers can capture many interacting non-linear relationships between the input 

(X) variables. Although the layers create a more complex and extensive model, it increases the 

resources needed to train the model and does not always improve the performance of the model. 

 

The batch size defines how many samples are shown to the LSTM network before the network 

updates the weights. The network then averages the gradients of the batch that is fed to the 

network. A lower batch size might create noisy data and might not represent a stable estimate on 

the complete dataset. Since GPUs are very well-known for the performance on parallel calculations, 

a higher batch size significantly decreases the computation requirements. Hence, doubling the 

batch size decreases the computation time in less than half of the original computation time. Since 

the dataset used as a sample is relatively small compared to the complete dataset higher test batch 

size values are chosen.  
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The number of epochs defines how many times the full dataset is presented to the network. To 

find the optimal configuration of the hyperparameters of the LSTM network the number of epoch 

is set to 50 (default in Keras is 20). Conclusively, the hyperparameters that are tested are shown in 

Table 7 leading to a total of 48 different configurations that are run to compare the model’s 

performance. 

 

Hyperparameter Test Settings 

Number of Neurons 32, 64 

Batch Size 64, 512, 1024 

Epochs 50 

Dropout 0, 0.2 

Kernel Initializer 'RU', 'RN', 'GU', 'GN' 

Table 7. Hyperparameters test settings 

To increase the efficiency and effectivity of the different analyses, two common deep learning 

practices named EarlyStopping and ModelCheckpoint are configured in each model 

configuration run. The EarlyStopping stops the model training when the value of val_loss 

does not decrease anymore for a set number of steps named patience. For finding the optimal 

hyperparameter configuration the patience value is set to 4, looking back to the val_loss of 

the previous 4 time steps (default in Keras is 2). The ModelCheckpoint is set to save the best 

model weights after each epoch based on the val_loss. This model is used to validate the model’s 

performance on the test dataset.  

 

There are two well-known performance metrics in machine learning, accuracy and loss. To clarify 

what these performance metrics represent the mathematical equations are presented and described. 

The accuracy can be calculated by dividing the true positives (TP) and false negatives (FN) over 

all predicted values, explained by this equation: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 = 		
𝑇𝑃 + 𝐹𝑁

𝑇𝑃	 + 	𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁 
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The loss is not a percentage but a number indicating the error performance of the model, if the 

loss is zero, prediction is perfect. For the binary prediction, a binary cross entropy loss function is 

used in the LSTM model. The loss van be explained by the following equation:  

 

𝐿𝑜𝑠𝑠(𝜃) = 	−
1
𝑛9

[𝑦; log 𝑦?; + (1 −	𝑦;) log(1 −	𝑦?;)]	
;

ABC

 

 

Where 𝜃 are the parameters of model to be learned, 𝑛 is the number of samples, 𝑦; is the real 

value and 𝑦?; is the predicted value by the model. 

 

A model that only predicts zeros achieves a much higher accuracy (> 99,5%) but is useless for 

predicting the inclusion in the top 1000 Top Chart. Hence, two other performance metrics, 

Precision and Recall, indicate the model’s performance to correctly predict positive values. 

Precision indicates the fraction of the positive values that are correctly classified over all positive 

values that are predicted (prediction of a Top Chart inclusion), explained by the following 

equation:  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 		
𝑇𝑃

𝑇𝑃	 + 	𝐹𝑃 

 

Recall, also named as sensitivity, indicates the fraction of correct positive values out of all positive 

values, explained by the following equation:  

𝑅𝑒𝑐𝑎𝑙𝑙	 = 		
𝑇𝑃

𝑇𝑃	 + 	𝐹𝑁 

 

The complete testing results are shown in Appendix III in Table 24. The top 5 models on precision 

and accuracy show various similarities, firstly, the overall best performing kernel initializer is 

Random Uniform (RU) which is included in 4 of the 5 top models. Secondly, the best performing 

models include 64 units corresponding to the rule of thumbs defined by Heaton (2008). Although 

accuracy indicates the overall accuracy of the model, it does not necessarily indicate the 

performance of the model due to the highly-unbalanced dataset.  
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Both Precision and Recall are captured in the f1 score, both accuracy and the f1 score are highest 

for model 25. Hence, the parameters of model 25 are used to train the model on the complete 

dataset. An overview of the final model is shown in Figure 8. Additionally, adding a hidden LSTM 

layer is tested with both 32 and 64 neurons. Since this lead to a minor decrease in performance 

rather than an increase in performance the model is kept ‘shallow’ with 1 hidden layer. The 

learning progress and performance of the top five models and the top performing model with an 

additional layer is shown in the figures in Appendix IV. 

 

 

Figure 8. Final model configuration (model 25 in configuration test runs) 

Model evaluation 

A neural network is a stochastic model, the stochasticity adds a form of randomness to the model. 

Hence, running the same model on an identical dataset results in different performance metrics. 

A robust approach to control for the randomness factor of a neural network is to run the model 

multiple times (Brownlee, 2017a). Each of the eight input feature group configurations is run five 

times, resulting in a total of 40 runs. For the performance metrics precision, accuracy, loss, and 

recall, graphs are created to compare the performance of the different feature group configurations. 

To compare the performance of the different models the McNemar method is used. In his broadly 

cited paper Dietterich (1998) compared different statistical tests to compare supervised 

classifications learning algorithms. The McNemar method is applied on a contingency table 

indicating the correct and the incorrect predicted values of two models. The McNemar method 

tests the disagreements between the two models. The null hypothesis assumes that the two models 
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disagree on the same predicted values, indicating no change. When the disagreements are not the 

same, the null hypothesis is rejected and there is evidence that the models differ in disagreements. 

 

Since the McNemar method was the only method that resulted in a low type I error without many 

runs in the paper of Dietterich (1998), he proposed the McNemar method on learning algorithms 

that are executed only once. Dietterich (1998) also proposes a different method for learning 

algorithms that can be executed 10 times, named the 5 x 2 cv method, due to its ten times higher 

usage in resources this method the McNemar method is chosen. Although the different feature 

configurations are shuffled and run five times to indicate the variance in performance due to 

randomness, the McNemar is used on comparing the best performing models selected on precision 

on a single dataset. The McNemar test is executed in the same way as the paper of Dietterich 

(1998) describes. The learning algorithms are trained on the exact same dataset excluding the 

feature groups that are excluded for the analyses, yielding two prediction models named model A 

and model B. The performance of these models is validated on a single test dataset where the 

prediction values of model A and model B are compared to the true values. This results in a 

performance overview of two models shown in Table 8. Where N00 are the values that are both 

incorrect by the two models that are tested, N01 are the values that are correctly classified by model 

A but not by model B, N10 are the values that are correctly classified by model B but not by model 

A, and N11 are the values that are correctly classified by both models.  

 

  Model A  

  No Yes  

Model B 
No N00 N01  

Yes N10 N11  

Table 8. McNemar test contingency table 

The null hypothesis of the McNemar test is that the two models that are compared are not 

significantly different. If the McNemar test is significant (p-value <0.05) the prediction results of 

the two models do significantly differ from one another. Hence, the McNemar test is used to test 

whether the results of the models created with different feature group configurations are statistically 

significant.  
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5 Results 
The empirical results from the data analyses and model comparisons are described in this chapter. 

As outlined in chapter 4, eight models are trained on different feature group configurations 

following a backward feature group elimination approach and run five times to control for the 

randomness in a neural network. For each model that is created, the performance metrics precision, 

accuracy, loss, and recall are presented and compared. Subsequently, each of the models without 

one or more feature groups are tested against the model containing all feature group configurations 

according to the McNemar significance test. Additionally, the results of the logistic regression 

model for each feature group configuration is described.  

5.1 Configuration performances 

The precision scores of the five models that are trained and the mean score for each of the feature 

group configuration are plotted in Figure 9, the feature groups are abbreviated as ‘wom’ (word of 

mouth), ‘rm’ (revenue model), ‘de’ (developer experience), and ‘wo’ (without) to make the graph 

interpretable. The mean precision scores indicated in with the red color line are shown in Table 9. 

Additionally, descriptive statistics such as standard deviation, minimum and maximum values are 

indicated in Appendix VI. The models in the figures and Table 25  are ordered on the mean 

precision score of the five runs. As shown in Figure 9 and in Table 9 the best performing 

configuration is the model without the revenue model feature group. Although neural networks 

often perform better on larger datasets, it is interesting to note that mean precision score of this 

configuration is superior over the model with all available feature groups which is second best. 

Followed by the configuration without the developer experience feature group that is ranked third, 

and the configuration without the word or mouth feature group that is ranked fourth. Although 

the model excluding the revenue model does not show a change in the predictive skill of the model, 

the configurations excluding two feature groups where one is the revenue model feature group 

show a significant decrease in performance. The precision of the model without the developer 

experience feature group indicates a precision score of 1.26 percent, when the revenue model is 

also excluded from this configuration the precision score decreases to 1.02 percent. 

Correspondingly, the precision score of the model without the word of mouth feature group shows 

a precision score of 1.21 percent, when the revenue model feature group is also excluded from the 

configuration the precision score drops to 0.92 percent. Since both the developer experience and 

the word of mouth feature group show a significant change in predictive performance the 
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combination of the two showing a similar synergetic effect is not unexpected. However, when the 

revenue model feature group is excluded from this configuration, excluding all feature groups that 

are researched, the predictive performance decreases substantially. This finding indicates that the 

revenue model feature group does have an influence when it is combined with the other feature 

groups. Moreover, Figure 9 clearly indicates the potential performance differences in runs, the 

highest score for the model containing all the feature groups is substantially higher than the 

precision scores of the configuration without revenue model and the other four runs for the same 

configuration. Hence, the approach to evaluate the model multiple times. 

 

 
Figure 9. Precision scores and mean plot for each feature group configuration 
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Precision 1.60 % 1.58 % 1.26 % 1.21 % 1.02 % 0.92 % 0.84 % 0.56 % 

Table 9. Mean precision score for each feature group configuration 



 

 

55 

Figure 10 shows the accuracy performance for the different feature group configurations in a plot, 

in Table 10 the mean accuracy scores are presented. Although precision is higher for the 

configuration without revenue model, the mean accuracy is higher for the model with all feature 

groups. This might occur because the model is superior in predicting zero values compared to the 

configuration without the revenue model feature group. 

 

Figure 10. Accuracy scores and mean plot for each feature group configuration 
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Accuracy 92.31 % 92.33 % 90.45 % 89.87 % 88.39 % 87.21 % 86.85 % 81.52 % 

Table 10. Mean accuracy score for each feature group configuration 

The loss of the multiple configurations, indicating the inconsistency between the predicted value 

and the true value, are presented in Figure 11. The lower the loss is, the lower the inconsistency.  

As shown in Table 11, the configuration without the revenue model feature group indicates the 

best mean loss score. Although the configuration without the word of mouth feature group 

performs better on precision and accuracy, the loss score is higher compared to the configuration 



 

 

56 

without revenue model and developer experience. This can be explained by the high recall score of 

the configuration without word or mouth, which means the model estimated a high percentage of 

all true positive values. 

 

 
Figure 11. Loss scores and mean plot for each feature group configuration 
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Loss 0.1674 0.1698 0.2042 0.2407 0.2238 0.2942 0.2993 0.3838 

Table 11. Mean loss score for each feature group configuration 

The recall score for each configuration is plotted in Figure 12, the mean recall scores are presented 

in Table 12. As described by its loss, the only remarkable result for recall is the result of the 

configuration without the revenue model and developer experience feature groups. This 

configuration appears to cover the highest percentage of positive values out of the total available 

positive values. 
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Figure 12. Recall scores and mean plot for each feature group configuration 
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Recall 94.70 % 95.70 % 95.18 % 89.74 % 95.86 % 86.66 % 83.58 % 80.92 % 

Table 12. Mean recall score for each feature group configuration 

5.2 Statistical significance 

In Table 13 up to Table 19 the contingency tables and McNemar test results are shown for each 

of the configurations without one or multiple feature groups compared to the model containing 

all feature variables. The percentages in the Tables represent the proportion of all predicted values. 

For each feature group configuration, the best model is compared in the McNemar test. As defined 

in chapter 4, the weights of the best model are loaded for the same configuration and tested on the 

same dataset to be able to compare its prediction capability. All McNemar test results indicate a 

statistically significant result, rejecting the null hypotheses of no differences between the tested 

model combinations. Hence, all models are statistically significant. 
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  All feature groups  McNemar 

p-value   No Yes  

Without RM 
No 5.09% 2.41%  0.00 

Yes 1.35% 91.14%   

Table 13. Contingency table and McNemar score of all vs without RM model 

  All feature groups  McNemar 

p-value   No Yes  

Without 

WOM 

No 3.93% 4.73%  0.00 

Yes 2.51% 88.83%   

Table 14. Contingency table and McNemar score of all vs without WOM model 

  All feature groups  McNemar 

p-value   No Yes  

Without DE 
No 6.00% 3.37%  0.00 

Yes 0.45% 90.19%   

Table 15. Contingency table and McNemar score of all vs without DE model 

  All feature groups  McNemar 

p-value   No Yes  

Without RM 

and DE 

No 5.73% 4.56%  0.00 

Yes 0.71% 89.0%   

Table 16. Contingency table and McNemar score of all vs without RM and DE model 

  All feature groups  McNemar 

p-value   No Yes  

Without WOM 

and DE 

No 3.73% 6.73%  0.00 

Yes 2.72% 86.83%   

Table 17. Contingency table and McNemar score of all vs without WOM and DE model 
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  All feature groups  McNemar 

p-value   No Yes  

Without RM 

and WOM 

No 3.97% 8.15%  0.00 

Yes 2.48% 85.4%   

Table 18. Contingency table and McNemar score of all vs without RM and WOM model 

  All feature groups  McNemar 

p-value   No Yes  

Without RM, 

DE and WOM 

No 3.86% 12.5%  0.00 

Yes 2.59% 81.06%   

Table 19. Contingency table and McNemar score of all vs without RM, DE, and WOM model 

5.3 Logistic regression 

The results of the logistic regression methods that are performed on the eight different feature 

group configurations are described in this paragraph. For each of the logistic regression models the 

model performance and significance, as well as the variable odds ratio and variable significance is 

indicated in the results Table. The model performance is indicated with the pseudo 𝑅H and has 

meaning when it can be compared to another model’s pseudo 𝑅H using the same dataset. The odds 

ratio is a number from zero to infinity presenting the odds that the predicting event happens, in 

this case ranking in the top 1000 Top Chart in the Apple App Store. An odds ratio of value 1 

therefore indicates that the event that is predicted is equally likely, not influencing the odds that 

the event is happening or not happening. For all the logistic regression models the variable 

purchase_10 has been omitted due to collinearity. Contrarily to the dataset that is prepared for the 

neural networks, dummy variables are transformed back to categorical variables suitable for a 

logistic regression. The two variables revenue_model_n and categories_n are created to facilitate 

the revenue model variables free, freemium, paid, and paymium, and the Apple App store category 

variables, respectively. The reference variable for the revenue model is the free revenue model, 

whereas the reference for the categories is the Books category. 
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The logistic regression results of the model containing all variables is presented in Table 20. Results 

of the other model feature group configurations and the model without the price variable shown 

in Appendix VII. Subsequently, the differences in results between the models are described. 

 

 

Table 20. Logistic regression with all variables 
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As shown in Table 20 the model has a pseudo 𝑅H of 0.0672. Contrarily to the ordinary OLS 𝑅H 

this value cannot be interpreted as the predictive value of the variability. However, the pseudo 𝑅H 

can be compared to those of other models that are used on the same dataset. The results indicate 

that the product page variables have an odds ratio of around value 1, indicating no effect on ranking 

in the top 1000 in the Top Charts. Within the developer experience feature group, the developer 

website variable indicates a minor significant positive effect (p < 0.10; OR = 1.015), moreover the 

version change indicates a significant positive effect (p < 0.001; OR = 1.464). Although the 

paymium and freemium variables in the revenue model feature group both indicate a substantial 

change odds ratio, both variables are insignificant. The paid variable shows a positive significant 

(p < 0.05; OR = 1.037) effect compared to the free reference variable. Although all individual in-

app purchase variables indicate a OR lower than value 1, the total number of purchases and the 

price of the tenth in-app purchase have a positive significant effect (p < 0.001; OR = 1.898, p < 

0.001; OR = 1.020, respectively). Additionally, the number of apps in a bundle shows a significant 

positive effect (p < 0.10; OR < 1.079). The following six significant categories indicated positive 

effects compared to the books category: Games (p < 0.10, OR = 1.069), Photo and Video (p < 

0.001, OR = 1.172), Shopping (p < 0.05, OR = 1.148), Social Networking (p < 0.05, OR = 1.222), 

Utilities (p < 0.10, OR = 1.070), and Weather (p < 0.10, OR = 1.141). The two variables editors’ 

choice and essential stand out and indicate a significant strong positive effect (p < 0.001; OR = 

30141, p < 0.001; OR = 1214193, respectively. Finally, the variable rating indicates a significant 

positive effect (p < 0.10; OR = 1.032). 

  

The results for the feature groups without developer experience (Table 26), word of mouth (Table 

27), revenue model (Table 28), developer experience  and word of mouth (Table 29), developer 

experience and revenue model (Table 30), revenue model and word of mouth (Table 31), and 

without all three (Table 32) are presented in Appendix VII. The McFadden pseudo 𝑅H values for 

each model are shown in Table 21. The results indicate that the model without the revenue model 

and word of mouth feature groups shows the best fit on the dataset. Moreover, the goodness of fit 

does not necessarily decrease when a specific group is removed, indicating highly variating pseudo 

𝑅H model value.  
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Configuration Pseudo 𝑹𝟐   

Wo_rm_wom 0.130 

Wo_de_wom 0.100 

Wo_all 0.077 

All 0.067 

Wo_de 0.058 

Wo_rm 0.030 

Wo_wom 0.022 

Wo_de_rm 0.020 

Table 21. McFadden pseudo 𝑅H values for each configuration (descending) 

There are some changes that occur in each configuration when one feature group is excluded. 

Without the word of mouth feature group, containing the editors’ choice, essentials, and rating 

variables, the variables quan_screenshots, english, and quan_languages in the control product page 

feature group configuration show significant positive effects. The positive effect gets stronger when 

more feature groups are removed from the dataset. Additionally, all app categories besides photo 

and video, shopping, social networking, and utilities (excluding the model without only the word 

of mouth) show a significant negative effect. Similar to the previous effects, when feature groups 

are removed from the dataset the already known effects in the model including all variables get 

stronger. 

 

Since a significant change in model performance is measured when excluding the revenue model 

feature group combined with either the word of mouth or developer experience feature group, one 

would assume a significant influence of the revenue model variables in the models that exclude the 

word of mouth or developer experience feature group.  Contrarily to the synergetic effect presented 

by the neural network methodology on excluding two feature groups, the logistic regression results 

of the model configurations excluding the developer experience or word of mouth feature group 

show no substantial additional effects for the variables in the revenue model feature group. 
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6 Discussion 
In this chapter, the results are interpreted and related to the previous literature defined in the 

theoretical background. Subsequently, the theoretical contributions and implications are 

described. Finally, the limitations of the study and the recommendations for future research are 

described in the final paragraph of this chapter. 

 

This study is initiated to analyze to what extent certain app characteristics predict a top 1000 Top 

Chart position in the Apple App Store. Previous literature related to the Top Charts focused 

predominantly on the survival of apps within the Top Chart. Although most literature used 

traditional statistical methodologies, this study used artificial neural networks able to establish non-

linear and multidimensional relationships. In general, the results show that the LSTM neural 

network has a low predictive performance when predicting a top 1000 Top Chart position. The 

best performing configuration resulted in a precision of 1.60 percent, a recall of 94.70 percent, an 

accuracy of 92.31 accuracy, and a loss of 1.674. Precision indicating that out of all values predicted 

positive, 1.60 percent were true positive values and recall indicating that out of all true positive 

values, 94.70 percent was truly predicted positive. However, there are some statistical significant 

changes between the different configurations indicating the predictive influences of the feature 

groups that are analyzed. The theoretical background provides a framework for relating the results 

to the existing findings in the previous literature. For each of the three independent feature groups 

revenue model, developer experience, and word of mouth the previous literature findings are 

related and compared to the results of this study. Furthermore, specific variables’ results of the 

logistic regression can be compared to the findings in the previous literature. 

6.1 Theoretical contributions and implications 

Although not all information such as the availability of a free alternative to a paid app can be 

related to in this study, the Top Chart survival and demand (downloads) estimation literature can 

be related to the results of this study. The general findings in previous literature indicate that in 

general, a revenue model is positively related to the success of an app. The revenue model that is 

most positively related to app success is the freemium revenue model, indicating an app that is free 

to download with extra features or services that can be purchased. Followed by the paid and the 

in-app revenue model, that have more controversial findings regarding success. The result of this 

study indicates that the feature group configuration without the revenue model feature group 
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results in a higher mean precision and loss compared to the model containing all feature groups. 

Although the difference is marginal, it is remarkable that the revenue model features such as e.g. 

freemium, free, paid, paymium, and price do not add skill to the predictive performance of the 

model in predicting a top 1000 Top Chart position. Although the revenue model feature group 

does not add any skill, it also does not remove much skill from the model’s predictive performance. 

The logistic regression results show a minor significant positive effect for the paid revenue model 

and the number of purchases variables on ranking in the top 1000 in the Apple App store. 

Although freemium shows no similar significant effect, the finding of the effect of the paid revenue 

model corresponds with the study of Roma and Ragaglia (2016). The authors present that paid 

and freemium revenue models are comparable and more effective in terms of revenue performance.  

 

Multiple studies have found support for the relationship between developer experience and the 

Top Chart ranking survival and downloads. The findings in the previous literature present four 

variables to have a positive relationship an app’s success, namely, the total quantity of apps by the 

same developer, the number of version updates, the version age, and the app age. The features that 

are included in the developer experience feature group are similar to the previously studied 

variables, including the total number of apps by the same developer, the availability of a developer 

website, the version change for each data point, and the app age in days. The results from this 

study present a significant and substantial decrease in precision performance when the developer 

experience feature group is removed from the input features. The precision score decreased with 

22 percent from a 1.60 percent to a 1.26 percent precision. Hence, the findings are coherent with 

previous literature indicating the importance of a developer’s experience for an app’s success. The 

experience developers gain in the Apple App Store environment increases the chance to develop an 

app that can becomes a top 1000 Top Chart app. The logistic regression results show a significant 

positive effect of version changes and the apps showing a link to the developer’s website on the top 

1000 rank in the Apple App store. The findings regarding the version changes correspond with the 

previous findings in the literature of the positive effect of version updates on an app its demand in 

downloads and ranking performance (Comino et al., 2016; Ghose & Han, 2014; G. Lee & Raghu, 

2014; P. L. Yin et al., 2014). The developer website of a developer might be related to the developer 

its experience, which is related to the number of apps by the same developer. The need for a 

developer website might become more important when a developer has developed multiple apps, 

a website might build credibility and trustability for its users. 
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Previous literature focused on the effect of word of mouth and found that the valence and volume 

of reviews and ratings positively influence the success of an app in terms of demand in downloads 

and survival (Ghose & Han, 2014; Jung et al., 2012; Khalid et al., 2014; G. Lee & Raghu, 2014). 

Additionally, research related to the purchase intention indicated a heightened intention to 

purchase or use the app when the reviews and ratings were positive. The features that are included 

in the word of mouth feature group include the valence and volume of all ratings and the version 

ratings. The results show that the word of mouth feature group has an even bigger impact on the 

predictive performance of the model than the developer experience feature group. Although the 

standard deviation of the configuration excluding the word of mouth feature group is four times 

bigger than the configuration excluding the developer experience feature group, the mean precision 

is 0.05 percent lower resulting in a precision of 1.21 percent. A 24.4 percent reduction compared 

to the best scoring configuration without the revenue model feature group. Hence, the results in 

this study cohere with all previous literature highlighting the importance of the valence and volume 

of app ratings for the app’s success. Having many and high ratings increases an app’s potential to 

become a top 1000 Top Chart app. Although the effect is minor, the results of the logistic 

regression indicate a significant positive effect of the valence of the rating on a ranking position 

within the top 1000 in the Top Chart in the Apple App Store. Corresponding to Zhou and Duan 

(2016), the findings indicate a substantial significant positive effect of expert reviews such as the 

editors’ choice and essentials labels. 

 

Although the revenue model feature group itself increases rather than decreases the model its 

predictive performance, the results indicate considerable synergetic effects when it is combined 

with the other feature groups. The model without the three tested feature groups revenue model, 

developer experience, and word of mouth results in a significant and considerable decrease in 

predictive performance of the model compared to the model that only excludes the developer 

experience and word of mouth feature groups. Compared to the best performing model, the 

precision score is decreased with 65 percent to a value of 0.56 percent. Compared to the model 

excluding the developer experience and word of mouth feature groups, the precision score 

decreased from 0.85 percent to 0.56 percent indicating a 34 percent change. When interpreting 

these results one must consider the fact that a considerable number of features are removed from 

the input dataset, which might influence the predictive performance in general due to a reduction 

in the size of the dataset. However, although the revenue model feature group contains the most 



 

 

66 

variables it only resulted in the a more positive effect when compared to the configurations 

containing all feature groups, weakening the conclusion that it is only data size related. 

 

Conclusively, this study found that coherently to previous literature, the developer experience and 

word of mouth feature groups are important features for predicting a top 1000 Top Chart position 

in the Apple App store. Remarkably, the individual exclusion of the revenue model feature group 

did not add any skill to the predictive model, presenting no substantial effect between the revenue 

model features and the potential to obtain a top 1000 Top Chart position in the Apple App store. 

6.2 Limitations and future research 

This study uses a more alternative methodology approach compared to traditional statistical 

methods. The limitation of using a Long Short-Term Memory neural network, or most other 

neural network methodologies, is the non-transparency in generation of the results and thus the 

importance of the independent variables. Due to the resource requirements for preparing the data 

and training the various configurations multiple times controlling for the randomness in the model 

training, only combined closely related features in feature groups are analyzed and tested. Hence, 

the results of this study cannot explain the added value of individual features. Future research could 

focus on the importance of each individual feature, or a selection of the features that are related to 

success in previous studies. Additionally, the dataset did not contain all information that is shown 

to have an influence on the success of apps, e.g. the valence in the textual reviews of the apps, 

whether an in-app advertising revenue model is used, the usage data of an app, and cross-chart and 

cross-category listing information. Moreover, the logistic regression models that are performed to 

gain more insight in the importance of the variables provided more explanatory power in 

describing the results of the neural network models. However, a normal logistic regression model 

has been performed on a multidimensional panel dataset, the results might improve and provide 

more explanatory power when a more suitable panel logistic regression methodology is used to 

analyze this dataset. Hence, future research could apply more advanced panel logistic regression 

methodology.  

 

Since the dataset is highly unbalanced and the aggregated top 1000 of the Free, Paid, and Grossing 

Top Chart is used to train the models, differences might occur in between the different Top Charts. 

There might also exist differences in feature importance in between categories, e.g. within a specific 
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category a certain revenue model might be more influential than in other categories. This study 

focused on the Apple App Store, future research could include a comparison with the Google Play 

Store.  

 

Conclusively, much more data features could be added to the dataset which a neural network can 

be trained on. Furthermore, more configurations isolating specific features can be analyzed. 

However, this considerably increases the resources required to prepare the data and train the 

models for the different configurations. Analyzing the different features individually while 

controlling for randomness would have required 165 training runs in total. Although neural 

networks might be better suitable for discover complex and non-linear relationships, more 

advanced panel logistic regression methods could be used to better understand the predictive 

influence of variables when excluding feature groups. 

6.3 Managerial implications 

The results of this study also present some managerial implications for developers. Although the 

neural network results of the model and the logistic regression model without the revenue model 

feature group imply that there is no substantial significant effect on predicting a top 1000 Top 

Chart position, the neural network results present that the revenue model feature group does a 

have significant effect on predicting a Top Chart position when combining it with one or two 

other feature groups. Emphasizing the complexity of the underlying relationships of the app 

characteristics. Hence, developers should not solely focus on the revenue model configuration of 

their app or another specific app characteristic to be able to achieve success in the Apple App store 

but should simultaneously focus on developer excellence and a sound strategy for their presence in 

terms of word of mouth in the Apple App Store.  

 

Although the neural network results present the underlying complexity of the app characteristics, 

the logistic regression results present some tacit developer implications. Firstly, when either a 

freemium or paymium revenue model including in-app purchases is executed by the developer, the 

logistic regression results show that having more than one in-app purchase available significantly 

increases the potential to reach a Top Chart position. Secondly, the results of the logistic regression 

indicate that related to the developer experience, the version updates present a positive significant 

relationship when predicting a top 1000 Top Chart position, developers are advised to 
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continuously update their app with high quality updates. Finally, the logistic regression results 

present a minor significant positive relationship for the valence of the rating of the app, 

emphasizing the importance of a sound word of mouth strategy for developers.  
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7 Conclusion 
This study is initiated to research which app characteristics are important in predicting a top 1000 

Top Chart position in the Apple App Store. A panel dataset containing bi-weekly information of 

app characteristics and app ranking of 1,876,629 apps including 38,907,168 observations has been 

used to create a LSTM neural network model to predict an app’s inclusion in the top 1000 Top 

Charts. Although the Long Short-Term Memory Neural Network is a widely used and highly 

performing model in many areas, the models established in this study are not very skillful and 

accurate in predicting a position in the top 1000 Top Charts in the Apple App Store.  

 

Although this study presents multiple findings related to the app characteristics and their 

relationship to the success of mobile apps within the Apple App store, there is an overarching 

contribution revealing the complex relationships between the feature groups. Both the neural 

network and logistic regression results indicate that the revenue model related variables do not 

show a significant effect when predicting a top 1000 Top Chart position in the Apple App store. 

However, when the revenue model feature group is combined with either or both the developer 

experience and word of mouth feature groups, the results indicate a significant effect on the 

predictive performance of the model. Controversially, the logistic regression results do not indicate 

any significant revenue model variables in the model configurations where only the developer 

experience and word of mouth are solely excluded.  

 

When analyzing the individual results of the neural network analysis there are three important 

findings that contribute to the existing mobile app literature related to an app its success in the 

Apple App Store. Firstly, the revenue model feature group does not add but also do not remove a 

lot skill in predicting a top 1000 Top Chart position, indicating no positive or negative effect to 

the predictive performance of the neural network model to predict a top 1000 Top Chart position. 

Secondly, the developer experience feature group does contribute significant and substantial skill 

to the predictive performance of the LSTM neural network. Demonstrating the importance of the 

skill of the developer, the quality and maturity of the app, and the importance of version updates 

to obtain a top 1000 Top Chart position. Lastly, this study contributes that the word of mouth 

feature group that presented as the most influential in predicting a top 1000 Top Chart position. 

Hence, apps with a higher quantity of ratings and a higher valence of ratings developed by 

experienced developers have more potential to become Top Chart apps. 
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Ultimately, the results from the logistic regression models partly correspond to the previous 

literature. Showing a significant positive effect for the version updates, the expert reviews by 

Apple’s editors’ choice and essentials labels, and the valence of the ratings. The logistic regression 

also presents a new finding to the existing literature, the results indicate a significant positive effect 

for the developer website. 
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Appendix I – Category Overview 
 

Category id_count rank_1000_count percentage_id percentage_rank_1000 

Games 10519674 24320 27.04% 44.06% 

Education 3656665 2268 9.40% 4.11% 

Business 3444463 1110 8.85% 2.01% 

Lifestyle 2746030 1498 7.06% 2.71% 

Entertainment 2441303 3650 6.27% 6.61% 

Utilities 1957900 2431 5.03% 4.40% 

Travel 1762578 952 4.53% 1.72% 

Health & Fitness 1312949 2132 3.37% 3.86% 

Music 1223095 1755 3.14% 3.18% 

Food & Drink 1210832 575 3.11% 1.04% 

Productivity 1179133 1835 3.03% 3.32% 

Sports 1053935 857 2.71% 1.55% 

Photo & Video 1044896 4661 2.69% 8.44% 

Finance 914220 732 2.35% 1.33% 

Medical 819856 244 2.11% 0.44% 

News 750305 391 1.93% 0.71% 

Social Networking 709953 2864 1.82% 5.19% 

Reference 626577 385 1.61% 0.70% 

Books 612373 302 1.57% 0.55% 

Navigation 516586 512 1.33% 0.93% 

Shopping 280529 1165 0.72% 2.11% 

Weather 123316 554 0.32% 1.00% 

Table 22. App ids grouped on category (total and top 1000 ranking) 
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Appendix II – Descriptive statistics in-app purchases 
 
Descriptive statistics of in-app purchases 

Variable Mean Standard Deviation Minimum Maximum 

quan_purchases 0.36 1.43 0 10 

purchase_1 0.11 0.31 1 1 

price_1 0.52 5.89 0 999.99 

purchase_2 0.06 0.23 0 1 

price_2 0.34 4.43 0 999.99 

purchase_3 0.04 0.21 0 1 

price_3 0.28 3.64 0 999.99 

purchase_4 0.04 0.19 0 1 

price_4 0.26 3.62 0 999.99 

purchase_5 0.03 0.16 0 1 

price_5 0.25 3.82 0 999.99 

purchase_6 0.02 0.15 0 1 

price_6 0.22 3.49 0 999.99 

purchase_7 0.02 0.13 0 1 

price_7 0.17 3.15 0 999.99 

purchase_8 0.02 0.12 0 1 

price_8 0.14 2.77 0 999.99 

purchase_9 0.01 0.11 0 1 

price_9 0.12 2.74 0 999.99 

purchase_10 0.01 0.11 0 1 

price_10 0.11 2.48 0 699.99 

Table 23. Descriptive statistics of in-app purchases 
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Appendix III – Scores and settings hyperparameter configuration runs 
 
Scores of the hyperparameter configuration runs 

Model Precision Accuracy Loss Recall f1_binary Batch Units Drop Initializer 

25 3.53% 91.82% 0.1916 90.12% 0.0679 512 64 0 RU 

37 3.45% 91.62% 0.1979 90.12% 0.0664 512 64 0.2 RU 

26 3.41% 91.57% 0.2108 89.70% 0.0657 1024 64 0 RU 

47 3.35% 91.76% 0.1918 85.88% 0.0645 1024 64 0.2 GN 

14 3.35% 91.63% 0.221 87.21% 0.0644 1024 32 0.2 RU 

32 3.33% 91.51% 0.2179 88.04% 0.0642 1024 64 0 GU 

40 3.31% 91.52% 0.2147 87.54% 0.0639 512 64 0.2 RN 

22 3.25% 91.56% 0.2047 85.47% 0.0627 512 32 0.2 GN 

0 3.24% 91.48% 0.1842 85.71% 0.0624 64 32 0 RU 

11 3.24% 91.09% 0.218 89.87% 0.0625 1024 32 0.2 GN 

38 3.22% 91.04% 0.2216 89.87% 0.0622 1024 64 0.2 RU 

28 3.21% 90.96% 0.2147 90.37% 0.062 512 64 0 RN 

45 3.19% 91.02% 0.2076 89.20% 0.0616 64 64 0.2 GN 

34 3.17% 91.15% 0.2104 87.29% 0.0612 512 64 0 GN 

20 3.14% 91.28% 0.2054 84.97% 0.0605 1024 32 0.2 GU 

23 3.14% 91.05% 0.2042 87.29% 0.0606 1024 32 0.2 GN 

8 3.09% 90.70% 0.225 89.29% 0.0597 1024 32 0 GU 

9 3.08% 90.63% 0.2151 89.87% 0.0596 64 32 0 GN 

36 3.05% 90.93% 0.2124 85.88% 0.0589 64 64 0.2 RU 

2 3.05% 90.57% 0.232 89.29% 0.0589 1024 32 0 RU 

19 3.05% 90.55% 0.2327 89.70% 0.059 512 32 0.2 GU 

13 3.05% 90.49% 0.2153 90.28% 0.059 512 32 0.2 RU 

16 3.05% 90.42% 0.2302 90.78% 0.0589 512 32 0.2 RN 

17 3.04% 90.37% 0.2443 90.95% 0.0587 1024 32 0.2 RN 

44 2.99% 90.19% 0.2231 91.36% 0.058 1024 64 0.2 GU 

4 2.99% 90.18% 0.2392 91.45% 0.058 512 32 0 RN 

31 2.98% 90.22% 0.2222 90.78% 0.0578 512 64 0 GU 
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46 2.96% 89.90% 0.2468 92.86% 0.0573 512 64 0.2 GN 

30 2.95% 90.46% 0.2395 87.46% 0.0571 64 64 0 GU 

10 2.93% 90.15% 0.2365 89.53% 0.0567 512 32 0 GN 

29 2.93% 89.91% 0.247 92.03% 0.0568 1024 64 0 RN 

43 2.92% 89.80% 0.2375 92.44% 0.0565 512 64 0.2 GU 

5 2.91% 90.04% 0.2398 90.20% 0.0565 1024 32 0 RN 

15 2.90% 90.17% 0.2189 88.37% 0.0561 64 32 0.2 RN 

1 2.89% 90.03% 0.2411 89.53% 0.056 512 32 0 RU 

6 2.89% 89.94% 0.2262 90.20% 0.0559 64 32 0 GU 

35 2.88% 89.92% 0.2508 90.37% 0.0559 1024 64 0 GN 

7 2.88% 89.87% 0.2432 90.70% 0.0559 512 32 0 GU 

41 2.88% 89.68% 0.2501 92.44% 0.0559 1024 64 0.2 RN 

39 2.86% 91.09% 0.2003 78.82% 0.0552 64 64 0 RN 

24 2.82% 89.81% 0.2373 89.04% 0.0546 64 64 0 RU 

12 2.76% 90.12% 0.2362 84.39% 0.0534 64 32 0.2 RU 

42 2.74% 89.46% 0.2319 89.62% 0.0532 64 64 0.2 GU 

21 2.73% 88.95% 0.2423 93.52% 0.053 64 32 0.2 GN 

18 2.69% 89.11% 0.2203 90.78% 0.0522 64 32 0.2 GU 

3 2.67% 89.07% 0.2399 90.37% 0.0518 64 32 0 RN 

33 2.61% 88.49% 0.2506 93.02% 0.0507 64 64 0 GN 

27 2.56% 88.59% 0.2574 90.61% 0.0499 64 64 0 RN 

Table 24. Scores of the hyperparameter configuration runs 
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Appendix IV – Learning progress top five model configurations 
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Appendix V – Learning progress of the eight different feature group 
configurations 
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Appendix VI – Statistics of the eight feature group configuration runs 

Models Mean Standard Deviation Minimum Maximum 

Without Revenue Model 

Precision 0.0160 0.0005 0.0151 0.0164 

Accuracy 92.3140 0.2918 91.7500 92.5500 

Loss 0.1674 0.0072 0.1568 0.1762 

Recall 0.9470 0.0077 0.9385 0.9610 

All feature groups 

Precision 0.0158 0.0014 0.0147 0.0184 

Accuracy 92.3320 0.6448 91.7600 93.5500 

Loss 0.1698 0.0141 0.1429 0.1830 

Recall 0.9570 0.0078 0.9449 0.9655 

Without Developer Experience 

Precision 0.0126 0.0003 0.0121 0.0128 

Accuracy 90.4460 0.2486 89.9700 90.6400 

Loss 0.2042 0.0039 0.1973 0.2085 

Recall 0.9518 0.0035 0.9466 0.9575 

Without Word of Mouth 

Precision 0.0121 0.0014 0.0108 0.0138 

Accuracy 89.8700 1.2691 88.5700 91.4500 

Loss 0.2407 0.0220 0.2086 0.2635 

Recall 0.8974 0.0167 0.8795 0.9183 

Without Revenue Model and Developer Experience 

Precision 0.0102 0.0008 0.0092 0.0114 

Accuracy 88.3920 1.0763 86.9500 89.8200 

Loss 0.2238 0.0153 0.2035 0.2444 
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Recall 0.9586 0.0105 0.9454 0.9726 

Without Revenue Model and Word of Mouth 

Precision 0.0092 0.0004 0.0086 0.0097 

Accuracy 87.2120 0.6699 86.1300 88.0100 

Loss 0.2942 0.0070 0.2835 0.3040 

Recall 0.8666 0.0083 0.8557 0.8755 

Without Word of Mouth and Developer Experience 

Precision 0.0084 0.0011 0.0073 0.0101 

Accuracy 86.8480 2.0324 84.6500 89.5600 

Loss 0.2993 0.0299 0.2560 0.3323 

Recall 0.8358 0.0324 0.7843 0.8682 

Without Word of Mouth, Developer Experience and Revenue Model 

Precision 0.0056 0.0004 0.0050 0.0060 

Accuracy 81.5180 1.8406 78.8400 83.6700 

Loss 0.3838 0.0229 0.3559 0.4115 

Recall 0.8092 0.0259 0.7650 0.8386 

Table 25. Statistics on multiple runs for each different feature group configuration. 
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Appendix VII – Logistic regression results 
 

 

Table 26. Logistic regression without DE variables 
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Table 27. Logistic regression without RM variables 
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Table 28. Logistic regression without WOM variables 
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Table 29. Logistic regression without DE and RM variables 
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Table 30. Logistic regression without DE and WOM 
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Table 31. Logistic regression without RM and WOM 
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Table 32. Logistic regression without DE, RM, and WOM 

 

 


