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ABSTRACT

In the context of mobile applications (apps), the role of customers has been transformed from mere 
passive adopters to active co-creators through contribution of user reviews. However, customers might 
not always possess the required technical expertise to make commercially feasible suggestions. The 
value of customer reviews also varied due to their unmanageable volume and content irrelevance. 
In our study, over 189,000 user reviews with over 50 apps would be analyzed using review analysis 
and multivariate regression analysis to examine the impacts of innovation and improvement led by 
customers on app performance in terms of app revenues. The developers’ lead time in responding 
to user reviews would be included as a moderator to investigate whether app performance would be 
enhanced if developers respond faster. This study should represent one of the first few attempts in 
offering empirical confirmation of the value of co-creation of apps with customers. The authors also 
present methodological contributions by establishing operationalization and analyses of user reviews.
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InTRoDUCTIon

Nowadays application distribution platforms such as Apple App Store and Google Play provide 
millions of different mobile applications (apps) to users. As of the second quarter of 2022, there 
were around 3.50 million apps for android users and 2.18 million apps for App Store users available 
(Statista, 2022a). Survival in such a “hyper-competitive” mobile market was challenging to apps 
developers (Comino et al., 2019). Unwanted or unpopular apps could be phased out very shortly after 
launch, resulting in a waste of development cost and effort. To sustain competitiveness, it is therefore 
becoming increasingly important for app developers to pursue continuous improvement and launch 
novel features that meet customer needs (e.g., see Chen et al., 2014; Maalej and Hadeer, 2015; Maalej 
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et al., 2016). As customers are equivalent to users of mobile apps, the terms “customers” and “users” 
are used interchangeably in this paper.

Mobile apps often serve to provide users with functions in a specific domain, such as for 
productivity, gaming, lifestyle and entertainment, and etc. From this perspective, app development 
and maintenance can by and large be regarded as a form of service innovation and quality control. 
Management scholars have reached a consensus that understanding customer needs constitutes an 
essential foundation for innovative product or services and hence sustained competitiveness. Customer 
involvement is important as it reduces uncertainty that usually underlies the innovation process. 
Thomke and Von Hippel (2002) elaborated this point from an information asymmetry perspective 
that the ‘need’ information resides with the customers, and the ‘solution’ information lies with the 
producers. Hence, customers’ perception of strengths and weaknesses of existing features as well as 
desires for new functions is critical to service providers at both strategic (e.g., recourse allocation) 
and operational (e.g., quality control) levels.

The need for customer-based information has prompted various information collection approaches 
such as satisfaction surveys, unsolicited customer complaints, interviews, focus groups or even personal 
observation. These methods have evolved into what has become known as customer involvement 
management. For app developers, the natural way to obtain customer-based information is through 
user reviews. User reviews, as a continuous flow of information, enables developers for quicker 
identification and action for problems (Finch, 1998; Nambisan, 2002; Parthasarathy and Daneva, 
2021) highlighted how a virtual customer environment resolves two challenges often associated with 
customer involvement management in the offline context. Firstly, it enables customer involvement 
directed towards a diverse set of customers. Secondly, it becomes possible to get connected with the 
customers at a relatively lower cost.

Indeed, app developers are motivated to actively elicit customer comment due to many reasons. 
Good reviews visible to future adopters are positive signals about app quality and form potential user’s 
quality perception. Positive reviews serves as word of mouth with impact on growth and revenue. 
One important reason for obtaining reviews is that they are enlightening to the app developers in 
terms of novel features. As customer needs vary significantly and the usage of the apps could differ 
across contexts, customers may be a good source of creative ideas for development of innovative 
functionalities. With actual usage experience of the apps, customers are able to spot a non-working 
feature. For example, the IOS based game Sky: Children of the lights perform fairly smoothly on 
IOS devices but not on Android devices due to the vast number of different brands and models of 
devices supported by the Android platform. User reviews could therefore help detecting bugs and 
enable continuous improvement of the apps.

Despite its potential usefulness for performance enhancement, screening through user reviews 
could be challenging. For instance, online gurus like Facebook could generate as high as at least 
2,000 user reviews per day (Chen et al., 2014). The aspects covered in the reviews could be highly 
diverse, ranging from complaints about the price of the apps to the frequency of advertisements. 
Tools have accordingly been developed to enable automated categorization and mining of customer 
reviews (Maalej and Hadeer, 2015; Maalej et al., 2016). However, following up on these reviews 
remains highly time- and money-consuming. Little empirical evidence is available to prove it worth 
the resources to act upon user reviews. Considering not all customers are technically knowledgeable 
about app development, it is also not clear whether their involvement really offer constructive and 
commercially feasible suggestions for app improvement.

User involvement is only appropriate if certain involvement roles and development conditions 
are fulfilled (Ives and Olson, 1984). These conditions include, who should be involved, which type 
of software with which the users should be involved, and in which stage (i.e., when) of the software 
development the users should be involved. User involvement could be totally undesirable when 
technical expertise is required. While the potential value of customer feedback is not deniable, it 
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may not always be economically justified for developers to translate their feedback into actual app 
features (Ives and Olson, 1984).

This study therefore aims to empirically investigate the impact of user reviews on app performance. 
Most prior researchers focused on the development of analytical tools for categorization of user 
reviews (e.g., Maalej and Hadeer, 2015; Maalej et al., 2016), presuming that customers could always 
provide useful feedback. In this study, over 189,000 user reviews associated with over 50 apps were 
categorized and analyzed to verify the impact of user reviews on app performance. Specifically, user 
reviews with innovative suggestions are conceptualized as “customer led innovation” and those with 
bug-fixing suggestions as “customer led improvement”. In order to quantify the impact of addressing 
user reviews, app performance was measured in terms of revenues generated from the app and the 
number of downloads (Liang et al., 2015; Lee and Raghu, 2014). The time taken for app developers 
to respond to the user reviews was also taken into consideration. The value of the innovativeness of 
user inputs may depreciate over time as other competitors might have already launched similar features 
onto the market. Similarly, customers might get disappointed if the developers did not promptly 
address the errors they pointed out. Developer responsiveness was included as a moderator on the 
relationship between customer led innovation/ improvement and app performance.

The rest of this paper is organized as follows: first, the conceptual framework and the related 
past studies will be introduced. The research methodology and the data analysis procedure will then 
be presented. Finally, the findings will be discussed and the theoretical and managerial implications 
will be drawn.

ConCEpTUAl FRAMEwoRK

The conceptual framework is presented in Figure 1. It is drawn on the notions of user involvement and 
service quality to propose a direct effect of customer led innovation/ improvement on app performance. 
Developer responsiveness is included as a moderator on this direct relationship.

User Involvement
The notion of user involvement was well documented in the literature, referring to the level of personal 
relevance and importance attached by users to the system (Barki and Hartwick, 1989). In broad terms, 
it is defined as “direct contact with users” (Kujala, 2008). Recently, it was observed that customers 
had become more and more involved in the product development ((Prahalad & Ramaswamy, 2004)). 
User involvement was essential and indispensable for system/ software developers as it helped 
to collect more accurate user requirements and enable quality improvement, resulting in better 
fulfillment of user needs and higher user satisfaction (Lederer, 1993; Kamel, 1995; Kaulio, 1998; 
Kujala, 2008). User involvement was therefore recognized by previous researchers as beneficial to 
the improvement of quality and performance (Berger et al., 2005). Terms such as co-creation or co-
design had emerged to describe the collaboration between developers and users. Other terms included 
quality function deployment (QFD), user-oriented product development, concept testing, Beta testing, 
consumer idealized design, lead user method and participatory ergonomics (Kaulio, 1998). In the 

Figure 1. The conceptual model
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collaborative process, users may assume the roles of providers of information, commentators or 
objects for observations.

Customer involvement is critical to reduce uncertainty that often surrounds innovation process. 
Due to the information asymmetry, the ‘need’ information resides with the user and the ‘solution’ 
information lies with the provider (Thomke and Von Hippel, 2002). The need for customer based 
information has prompted a variety of collection methods that have developed into a domain known 
as customer involvement management. The alternative means for firms to listen to its customers 
include satisfaction survey, focus group, unsolicited customer complaints, personal observation, and 
etc. Internet discussions as a source for customer involvement was first discussed by Finch (1998). 
In his paper, Finch argues that internet discussion as a continuous flow of customer perception sheds 
insights on the strengths and weakness of the existing products or service features. Such customer-
based information enables firms for quicker identification and action for problems, thus can be deemed 
as a form of customer involvement. Nambisan (2002) stated that a virtual customer environment 
resolves two challenges often associated with customer involvement management. Firstly, it enables 
customer involvement directed towards a diverse set of customers. Secondly, it becomes possible 
to get connected with the customers at a relatively lower cost. Hence, in recent literature, it is not 
uncommon to see user reviews are often regarded as a form of customer involvement, especially in 
the domain of software engineering (Dabrowski et al. 2022).

In the context of mobile apps, customers and apps developers may exchange ideas on shared 
platforms such as the App stores. Customers could submit their desirable new features or functionalities 
(Khalid et al., 2015; Panichella et al., 2015). Complaints from users on lack of certain features could 
shed light on potential new apps development (Barlow et al., 2016). Customers may highlight bugs 
such as incompatibility or poor functionality (Khalid et al., 2015; Panichella et al., 2015). However, the 
number of user reviews could be voluminous and hard to manage. More importantly, not all feedback 
is useful. Almost 65% of app reviews were found to be noisy and irrelevant (Chen et al., 2014). Some 
suggestions might be solely emotional and commercially infeasible for adoption.

Many tools were therefore developed to aid the search, screening, and extraction of useful 
information from user reviews. A review of the current literature showed that different tools were 
built with different mining objectives. Examples included MARK (Mining and Analyzing Reviews 
by Keywords) (Vu et al., 2015), MARA (Mobile App Review Analyzer) (Iacob and Harrison, 2013), 
ALERTme (Guzman et al., 2017), and AR-Miner (App Review Miner) (Chen et al., 2014). These 
tools made use of techniques like natural language processing, topic modeling, clustering and machine 
learning algorithms to search, classify, extract, group and rank user reviews based on pre-defined 
keywords or categories.

Mobile App performance
The construct of performance is a nuanced and multifaceted aspect, encompassing various dimensions. 
In the specific context of mobile apps, performance can be conceptualized as the service quality 
(Kuo et al., 2016), sustained functionality or overall success of the application (Liang et al., 2015). 
This entails not only the operational aspects but also the app’s ability to meet user expectations and 
achieve its intended goals over time.

Mobile app performance is a complex interplay of functional and non-functional characteristics 
(Hort et al., 2021). Functional characteristics are intricately tied to the specific nature of the app’s 
services, making them highly app-specific. On the other hand, non-functional characteristics extend 
beyond the direct functionalities and can encompass broader service aspects such as responsiveness. 
In the scope of this study, our attention is directed towards exploring the non-functional performance 
characteristics of mobile apps, with a particular focus on aspects like responsiveness that contribute 
to user satisfaction and overall app success.

Examining non-functional performance in the mobile app landscape entails a consideration of 
both app-level and sell-level attributes. At the app level, attributes such as rankings and the number 
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of downloads play a pivotal role in shaping the perceived success and reach of an application 
(Lee and Raghu, 2014). Additionally, some researchers have utilized sales revenues as a proxy 
for assessing an app’s success, highlighting the financial dimension as an indicative measure of 
performance (Liang et al., 2015).

In this study, we adopt a non-functional approach, evaluating mobile apps based on their number 
of downloads and the revenues they generate.

Responsiveness and App performance
Service quality is traditionally defined as a user’s assessment of the “overall excellence or superiority” 
of a service (Parasuraman et al., 1988). A predominant method for measuring service quality 
is the application of the SERVQUAL scale, comprising five dimensions: tangibles, reliability, 
responsiveness, assurance, and empathy (Parasuraman et al., 1988).

The concept’s definition has evolved with the rise of e-services (Zeithaml et al., 2000) and 
mobile services (Tan et al., 2008). Various models have been developed to gauge e-service quality, 
introducing distinct dimensions. For instance, Zeithaml et al. (2002) proposed a seven-dimensional 
e-service quality model, encompassing ease of use, privacy, graphic design, information availability, 
reliability, compensation, and contact. Alternative models have also surfaced, suggesting additional 
elements specific to the e-service context, such as fulfillment, efficiency, availability, and privacy 
(Parasuraman et al., 2005).

Considering mobile apps as a form of service, given the deployment of the mobile channel for 
delivering value to users (Balasubramanian et al., 2002; Kuo et al., 2016), Tan et al. (2008) posited that 
mobile service quality should include seven dimensions: perceived usefulness, perceived ease of use, 
content, variety, feedback, experimentation, and personalization. More recently, Huang et al. (2015) 
introduced the M-S-QUAL scale, distinguishing factors influencing virtual product shopping and physical 
product shopping experiences. Kuo et al. (2016) synthesized seven attributes for mobile service quality: 
efficiency, fulfillment, privacy, responsiveness, personalization, tangibility, and reliability.

In this study, we focus on the examination of the role of responsiveness in affecting mobile app 
performance.

Responsiveness manifests in various forms, with interpretations ranging from the technical 
functionality of the user interface (Mirzoev and Kane, 2017) to the accountability of service providers 
to users (Lodenstein et al., 2016). In the realm of mobile app development, responsiveness takes on 
a user-centric perspective, primarily concerned with enhancing the user experience. This involves 
the adept handling and incorporation of user feedback into the app’s evolution (Khan et al., 2021). 
In essence, responsiveness encompasses both the actions undertaken to address user feedback and 
the timeliness with which these actions are executed. For instance, a user might submit a request for 
bug resolution or propose a new feature, and the subsequent addressing of these requests represents 
the responsive nature of the app developer. However, it is crucial to recognize that the time taken 
to fulfill these requests is equally pivotal. Prolonged delays in addressing issues may lead to user 
dissatisfaction, potentially resulting in app uninstallation.

This study takes an empirical approach to scrutinize the impact of responsiveness on mobile app 
performance, discerning between the actions initiated in response to user reviews and the timeframe 
within which these actions are executed. We categorize these actions as customer-led innovation 
and customer-led improvement, emphasizing the user-driven nature of the responsiveness concept. 
Simultaneously, we introduce the term “developer responsiveness” to encapsulate the temporal aspect, 
elucidating how the efficiency and timeliness of addressing user feedback contribute significantly to 
the overall responsiveness dynamics in the mobile app ecosystem.

Customer led Innovation and Customer led Improvement
User reviews, if carefully and properly screened and processed, could be vital to innovativeness of 
app development. For example, a customer might point out interesting and novel features that could 
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be added for iPhone users. With many varieties of smartphones available and varied user profiles, it 
was difficult for app developers to consider all possible new features. User reviews could be a good 
source to identify creative solutions. Though some users may be tech-non-savvy, the imaginativeness 
may never be foreseen in the development process. Their feedback could help developers to visualize 
innovative features of the apps. Similarly, customers are in a better position to detect bugs based on 
their actual usage experience, such as the incompatibility of apps with certain phone models. User 
reviews with new feature requests are therefore conceptualized as customer led innovation. It denotes 
requests from users on new features to be added to the apps or new app development. Customer 
led innovation offer insights to developers to add novel features, resulting in greater efficiency 
of development and higher user satisfaction (Kujala, 2008). On the other hand, user reviews with 
suggestions on improvement are conceptualized as customer led improvement. It denotes reports 
from users about unwanted errors, bugs, annoying advertisements and other usability problems. If 
these user reviews are addressed properly, more customers will be attracted to purchase the apps 
and hence higher revenues could be generated (Kujala, 2008). Notably, it is not only the number of 
reviews on improvement or innovation matters. These reviews could only be effective in improving 
the app if they are being addressed.

Accordingly, it is hypothesized that:

Hypothesis One: Customer led improvement (i.e., customers’ feedback on improvement being 
addressed) has a significant and positive impact on app performance.

Hypothesis Two: Customer led innovation (i.e., customers’ feedback on new features being addressed) 
has a significant and positive impact on app performance.

Developer Responsiveness to User Reviews
The time taken by developers to respond to user reviews on app innovation and improvement may matter 
(Vaniea and Rashidi, 2016). After a customer submitted his/her feedback, he/she may tend to expect the 
developer to address the suggestion quickly. For example, if the developer response is slow, the current 
customers may continue to experience the bugs in the regular apps usage and may eventually rescind 
usage or even uninstall the apps. Apps are experience products, when it comes to experience goods, 
the impact of electronic Word of Mouth (eWOM) is particularly salient (Litvin et al., 2008). Given 
the critical influence of eWOM, delaying responding to the consumer requests will impede the app 
performance for new customer acquisition (Xie et. al., 2014, Kim & Kim, 2023). Conversely, customers 
may tend to be more positive about the apps if their concerns and problems were addressed promptly. 
Timely responses are even more crucial for suggestions of new features. The degree of novelty would be 
diminished and the risk of being copied by competitors would increase over time. In general, reasonable 
responsiveness should lead to better quality and performance of apps (Hort et al., 2021; Burgess et al., 
n.d.). In this paper, the developer responsiveness is measured as the time span between a suggestion 
raised by a customer and an action taken by the developer. Hence, the shorter the time taken to respond 
to user reviews, the greater the effect is the reviews on app performance.

Accordingly, it is hypothesized that:

Hypothesis Three: Developer responsiveness significantly moderates the relationship between 
customer led improvement and app performance. The longer the time taken to respond customers’ 
requests (the more responsive a developer), the weaker the impact of customer lead improvement 
on the app performance.

Hypothesis Four: Developer responsiveness significantly moderates the relationship between 
customer led innovation and app performance. The longer the time taken to respond customers’ 
requests (the more responsive a developer), the weaker the impact of customer lead innovation 
on the app performance.
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RESEARCh METhoDology

Data and operationalization
Data Source
The data was obtained through App Annie, the largest business intelligence company in app industry. 
It collects key metrics of most apps on both IOS and Android platform. For this study, apps in the 
iOS Health and Fitness category in the United States were collected. Apps active between 1st March, 
2016 and 28th Feb, 2017 were sampled. In this way, the sampled apps have survived at least for 
one year. The reason is that in a long-tail industry like mobile apps, many apps phase out before 
they actually take off. The “Top App” rank lists the best 1,000 apps in the category. In these 1,000 
apps, 43 apps accounted for 75% of the total revenue in the Health and Fitness market. Nine of these 
apps had both, a free and a paid version. This results in 52 apps, of which two were excluded due to 
insufficient reviews. Hence, eventually 50 apps with 189,537 reviews were analyzed in this study. 
App updates, app reviews and ratings were publicly available data, which had been consolidated and 
could be retrieved from App Annie data base through its API. Private app performance data such as 
app revenue, app downloads and app ranking are obtained from App Annie.

Review Analysis
Review data is unstructured text data. To generate any insights based on quantitative analysis, the 
unstructured text data needed to be transformed to structured numeric data. Latest techniques in 
natural language processing (NLP) such as text categorization, topic modelling and thematic analysis 
are often applied to analyze review data. However, these frequently applied NLP techniques are not 
able to address the research questions. For supervised learning methods such as text categorization, a 
training data and a list of classifiers is supposed to be provided. Take sentiment analysis for example, 
emotions are categorized as positive, negative or neutral. A pre-designed list of phrases is fed to the 
algorithm to indicate the emotional valence. In this research, how new features proposed by customers 
could lead to app success was studied. The proposed new features were specific to each app and 
could not be pre-determined by the researchers without examining the review data. In other words, it 
is not possible to generate a list of features that have been proposed by customers to implement text 
categorization procedure. Topic modelling and thematic analysis belong to unsupervised learning 
NLP procedure. Hence, no pre-determined list of tags is needed to train the algorithm. However, given 
the massive volume of reviews, the topics summarized can be quite irrelevant to the research goals 
and screening these topics can be equally time-consuming. Similarly, thematic analysis is useful in 
recognizing the underlying patterns, yet it is still challenging to recognize specific key information. 
Hence, these automated NLP procedures cannot address the data requirements of this study.

This study examines the impact of customer led innovation and improvement on apps’ 
performance. Hence, it is necessary identify reviews proposing new features and reviews reporting 
bugs and issues. Such reviews were then matched with app update data to see if the customer 
suggested innovations or improvements had been adopted by the developers. The workflow of this 
review analysis involves two steps (see illustration in the Appendix). Step 1: separating specific user 
reviews by filtering out generic reviews. Step 2: searching for matches between the feature updates 
and reviews, and simultaneously categorizing the reviews into (1) bugs, (2) feature requests, (3) user 
experiences, (4) ratings (5) pricing, (6) “too many advertisements”.

Step 1: Extracting Useful Reviews

Similar to Chen et al, (2014), reviews that did not contain relevant information were eliminated. 
Reviews were categorized into two broad categories, generic and specific user reviews. Generic reviews 
are comments to feedback users’ overall evaluation or experiences about the app. Examples of such 
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reviews are ‘love it’, ‘by far the best app on meditation!!’, etc. On the other hand, specific reviews 
often indicate an actionable function that the app developer can fix, improve or create. Examples of 
specific reviews include ‘better to have a timer’, ‘the interface background should be personalized’, 
etc. In this research, generic reviews were deemed as not informative, and thus were filtered out.

Step 2: Review Categorization

With the generic reviews filtered out, the specific reviews were further categorized into six 
different categories. In a prior study, Maalej and Hadeer (2015) used keywords to indicate the 
categorization. They proposed keywords for four categories of reviews, namely, “bug”, “feature 
request”, “rating”, and “user experience”. Keywords for the categories of “pricing” and “too many 
advertisements” were also added for this study. The definition of these six categories is elaborated 
below with examples.

1.  Bug

Keywords: bug, fix, problem, issue, defect, crash, solve
A bug report is in general a not wanted error in a program or system, they arise mainly because of 

programming failures by developers. A bug is any kind of problem with the app, a crash, an erroneous 
behavior, or a performance issue (Maalej and Hadeer, 2015). Therefore, a bug is literally anything a 
user is complaining that is not working right, but it is not a bug if a user is wishing for something new.

Examples of bug reviews:

“It’s not letting me sign up and I deleted the app and re downloaded it but it’s not working”

“It isn’t letting me make an account and says error try again later”

“If you open the app in the watch it tries to connect for a minute (literally a minute) then crashes”

2.  Feature Request

Keywords: add, please, could, would, hope, improve, miss, need, prefer, request, should, suggest, 
want, wish

In general, a request for a new feature is when the user thinks something should have been 
developed, that does not exist yet, therefore, it requires new code (Cheung, 2013; Wiggins, 2015). A 
feature request is the wish for new and missing functionality, if users speak about new ideas to make 
an application better in the future, or if they compare the app with missing features that similar apps 
offer (Maalej and Hadeer, 2015). If somebody is wishing for new content in the application, this is 
treated as a feature request too.

Examples of feature request reviews:

“Needs to have a value for calories burned for strength training too”

“Missing Apple Watch compatibility”

3.  User Experience

Keywords: help, support, assist, when, situation
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User experiences derive from the individual, not social, and is this individual’s response and 
perception that emerges from the use of the product or service as in the ISO 9241-210. In this research, 
user experience is described as the reflection of users experience with the app and app features (Maalej 
and Hadeer, 2015). User experience reviews are mostly positive with high star ratings and users are 
talking about why they like the app and how it changed their life.

Examples of user experience reviews:

“This app is fantastic in every way. If used correctly, it can be life changing. It integrates with 
MapMyWalk, transferring calorie expenditure to your daily calorie requirements. The community is 
warm and supportive and you’ll have all the tools you need to lose weight and get healthy. Good luck!”

“The WW app keeps me focused on the choices of food I eat and how each selection effects my well-
being. It’s a great app!”

“I love this app! Tracking is so easy. I can find foods with the search bar quickly. The Connect feature 
gives support from members all over the world.”

4.  Rating

Keywords: Great, good, nice, very, cool, love, hate, bad, worst
Ratings are often text reflections of the numeric star rating (Maalej and Hadeer, 2015). They 

are very generic and are less relevant for the app development process as they do not hold useful 
information.

Examples of rating reviews:

“Love it!”

“It’s a pretty good app, I like it.”

5.  Pricing

Keywords: expensive, price, pricing, rip off, $, cost, overpriced, fee, pay, payment, paid, cheaper
Pricing refers to the user evaluation of the price of the app. Examples could be whether the price 

is over-priced, too expensive, unfair or underpriced etc.
Examples of pricing reviews:

“Overpriced...over rated...only tracks calories...$10 a month to track macros...ridiculous”

“Your initial fee only gives you a handful of exercises. To get additional workouts it costs more $$.”

6.  Too Many Advertisements

Keywords: ads, advertisements, popping up, annoying, banner
This keyword refers to user comments on the frequency and quantity of advertisements inherent 

in the usage of the app. For example, there may be too many pop up advertisements or banner. 
Alternatively, the advertisements may have taken up too much of the user interface of the app.

Examples of reviews for too many ads:
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“The avalanche of ads makes it unusable unless you pay $3 each and every month.”

“Paid for the ap. Still get ads pushed to me. Don’t advertise to me if I paid the money for the non-ad 
version.”

Descriptive Statistics for Review Analysis. Based on categorization between generic and specific 
reviews, 82% of the reviews were generic reviews while 18% were specific reviews. This first step 
of categorization was to filter out major irrelevant information and facilitate further categorization. 
In terms of ratings associated with reviews, they were quite positive as majority of the reviews 
scored a 5-star rating (76.8%), followed by 4-star (, 13.2%), 1-star (5.1%), 3-star (2.9%) and 2-star 
(2%) respectively. The data shows that the user satisfaction (90%) with the selected 50 apps was 
higher than the average user satisfaction with mobile apps (78%) (pagano’s and maalej, 2013). 
The reason could be that the selected apps were the top 50 apps in the category.

One interesting finding is that generic reviews were much more positive than the specific review. 
Almost 98% of the generic reviews had at least 4 stars while it is only 54% for specific review. Though 
the ratings varied across different apps, the result held even at the app level. Table 1 presents apps 
with a high number of generic reviews versus apps with a high number of specific reviews. It shows 
that apps with more generic reviews in general received higher ratings than apps with more specific 
reviews. This is consistent with the conjecture that specific reviews carried more information on app 
quality improvement. As shown in Table 1, if app feature improvement and innovation were mostly 
proposed in specific reviews and apps with more specific reviews were likely to receive low ratings, 
then how would customer led innovation and improvement help app performance? It echoes back to 
the research question that the key might lie in whether the proposed improvement or innovation had 
been adopted by the developer.

Further Categorization of Specific Reviews. The specific reviews were then further classified. The 
classification was accomplished by workforce employed from Amazon MT. Various validation 
procedures had been implemented to ensure the workforce understand the task requirements and 
their task quality. Out of these reviews, 25.75% were classified as “user experience”, 24.13% as 
‘rating”, 24.03% as “bug”, 16.01% as “feature request”, 5.29% as “pricing”, 2.79% as “too many 
advertisements”, and 2.00% as “others”.

Table 1. Rating differences across app type

High Generic High Specific

App Name Total Number 
of Reviews % Generic ∅ 

Rating App Name Total Number 
of Reviews

% 
Specific

∅ 
Rating

Calm 14964 85,6% 4.8 Sweat with 
Kayla 3455 62.8% 2.7

Fitness 
Buddy 10251 85.7% 4.6 Beachbody 1902 71.1% 2.9

Instant Heart 
Rate+ 9898 88.5% 4.7 Fitplan 194 57.1% 3.3

Life Period 
Tracker 16713 90.6% 4.9 Lifesum 2856 49.6% 3.7

Relax 
Melodies 17902 92.2% 4.8 Weight 

Watchers 14393 50.4% 3.4
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Variable Operationalization
Customer Led Innovation. If customers are part of the innovation process. He or she expresses the 

need for a new feature in a review and app developers implement that feature in a future update. 
This is a match between a review and a feature from the update. Examples of this type of reviews 
from the data set are “the app works great, but has become very out of date with all the new 
blends available. For the price of the app, i would expect regular updates as new oils and blends 
become available.” The corresponding app launched the new feature “added new oils and blends” 
in their next update amongst others things. Hence, there was a match. The match between a user 
review and feature update counts only if the review date was prior to the update date, otherwise 
the feature was not innovated or led by customers. The level of measurement was interval scaled, 
where one unit represented one match between a review and feature update. If three different 
reviews matched all with the same feature update, the variable had a value of three.

Customer Led Improvement. The variable customer led improvement is similar to customer led 
innovation. When the user helped to improve the app, it was likely to be a report about bugs, 
annoying advertisements, or usability problems. The level of measurement was interval scaled, 
and one unit represented a match with a review. The match counts only if the review date was 
prior the update date.

Developer Responsiveness. Developer responsiveness to customer led innovation was differentiated 
with that to customer led improvement.

Developer responsiveness examines whether the time taken for app developers to respond has 
a moderating effect on the impact of user reviews on app performance. The level of measurement 
was scaled and one unit represented one week. Developer responsiveness to customer led innovation 
measures time span between the date an update is announced and the date the first review that requires 
this new feature. The variable was constructed as the average of all features that matched the update.

Similarly, Developer responsiveness to customer led improvement refers to the time interval 
from the first user review until the bug was fixed / advertisement was removed in days. Again, the 
variable was constructed as the average time of all fixed bugs in the study period.

App performance. App performance could be operationalized in a number of ways like apps 
ratings etc. In this study, app performance was measured using both the revenue generated 
from the apps (Liang et al., 2015) and the number of total downloads (Lee and Raghu, 
2014) during the research time frame. Revenue allows the examination of the financial 
impact on the app developers more directly. Revenue as a performance indicator measures 
how well the product and service is sold on the market. Revenues could include purchases 
of apps, micro-transactions within an app or in-app advertisement (iadv) (ghose and han, 
2014). The revenues for each app were computed by a summation of the daily revenues for 
the research time frame. It is a key measure for any for-profit organization to sustain and 
develop their business. However, given most of the apps under study adopt a freemium 
monetization model, it is not uncommon to see the top 10% to 20% of the users subsidize 
the rest of the users in the app industry. The large pool of the free users might not bring 
immediate monetary value to the app, but they help accelerate the app adoption and they 
also constitute as the main source of potential customers. Hence, using revenue as the 
only performance indicator is myopic and ignores the growth potential of the apps under 
study. The number of downloads is therefore also used as an additional proxy of app 
performance. The number of total downloads enables the measurement of app adoption 
and diffusion in the research period. The number of total downloads was obtained by a 
summation of the daily downloads.
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Variable Descriptive Statistics
The descriptive statistics of variables used in the conceptual model are presented in table 2. In total 
50 apps were studied, thus the valid sample for each variable is 50 with no missing values. Revenue 
is measured as the sum of daily revenue over the study period, which ranges from $233 to $1.96 
million. The number of downloads is also measured as the sum of the daily downloads during the 
research period. Multiple downloads by the same user are counted as a unique download. For apps 
with a free and a premium version, downloads of both versions are recorded separately. The number 
of downloads across different apps ranges from 133 to 898,599 with a mean of 176,441.84. The mean 
of customer-led improvement (11.92) is almost three times of the mean of the customer-led innovation 
(4.74). As expected, a longer responsive time for app developers to take action to the innovative ideas 
proposed by users than the responsive time taken to act upon the proposed app improvement. To the 
surprise of the authors, the mean responsiveness to customer-led innovation (13.74) and customer-led 
improvement (12.13) do not differ much.

To examine the interrelationships among the constructs, we computed Pearson correlations for the 
variables in our study as shown in Table 3. As anticipated, a robust correlation emerged between the 
performance indicators: App Revenue and App Downloads. There is a moderate correlation between 
Customer-led Improvement and both App Revenue and App Downloads. However, Customer-led 
Innovation shows only a weak correlation with App Downloads and no significant correlation with App 
Revenue. Consistent with our expectations, Customer-led Innovation and Customer-led Improvement 
are strongly correlated. Regarding the moderating variables, neither Responsiveness Improvement nor 

Table 2. Variable descriptive statistics

N Minimum Maximum Mean Std. Deviation

Revenue 50 233 1965418 292013.80 428985.40

Downloads 50 133 898599 176441.84 188303.53

Customer_led_Improvement 50 0 176 11.92 31.11

Customer_led_Innovation 50 0 41 4.74 8.61

Responsiveness_Improvement 50 0 51 12.13 16.54

Responsiveness_Innovation 50 0 50 13.74 17.51

Table 3. Pearson Correlation Table

Revenue Downloads Customer_led_
Improvement

Customer_led_
Innovation

Responsiveness_
Improvement

Responsiveness_
Innovation

Revenue 1 .743** .420** .193 .140 .026

Downloads 1 .466** .370** .148 .106

Customer_led_
Improvement 1 .665** .540** .424**

Customer_led_
Innovation 1 .399** .424**

Responsiveness_
Improvement 1 .350*

Responsiveness_
Innovation 1

** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).
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Responsiveness Innovation shows a correlation with the dependent variables. However, both exhibit 
a weak or moderate positive correlation with the independent variables.”

RESUlTS AnD DISCUSSIon

Multiple regression analysis was deployed to test the relationships between the key constructs. Namely, 
how customer led innovation and improvement impacted the app performance (revenue and number 
of downloads). These linear models were estimated with SPSS OLS procedure. The linear models 
(1) are used to test H1 and H2 (see table 4).

App Performance    = + +β β β
0 1 2

Customer Led Improvement Customer Leed Innovation + ε  (1)

Model (2) and (3) were used to test the moderation effect indicated in H3 and H4.

App Performance   = +b b
0 1

Customer Led Improvement  

+ ×β
3
Customer Led Improvement Responsiveness Cusomter Led Im     pprovement + ε  (2)

App Performance   = +b b
0 2

Customer Led Innovation  

+ ×β
3
Customer Led Innovation Responsiveness Cusomter Led Inn     oovation + ε  (3)

Direct Effect of Customer led Improvement and 
Customer led Innovation on App performance
As shown in table 4 that customer led improvement has a positive effect on both app revenue and 
total number of downloads. However, such impact is not supported for customer led Innovation in 
both revenue and download model. The overall model is significant, with an F-value of 5.517 for the 
revenue model and an F-value of 6.777 for the downloads model, hence hypothesis 1 is supported 
(p= 0.005). In terms of fitness of good, an R2 of 0.190 is satisfactory with cross-sectional data, 
where values of 0.10 are typical (Sarstedt & Mooi, 2019). Holding other factors constant, increasing 
customer led improvement by one unit leads to revenue increase by $7,292.185 and 2390.485 more 
downloads. Note that the increase in revenue refers to the time frame of 12 weeks. It makes sense that 
reported bugs by users can increase the app performance as it is challenging for developers to locate 
every bug in the jungle of different smartphones, different platforms, and different system updates. 
In addition, if a user takes effort to report a bug or propose a feature improvement, it implies their 
user experience might have been quite impaired. Addressing such issues enhances user satisfaction, 
hence better app performance.

Customer led product innovation (H2) is not significant in either model (p=0.388 and p=0.536). 
There are several reasons for this. From the users’ perspective, most of the users were passive users 
in an app’s user pool. Users who proposed new feature were often experienced users with creativity. 
Unlike requests for feature improvement, most of the users were less compelled to propose new 
features than reporting bugs. After all, bugs or feature failures interrupted their usage and were easier 
to detect. Hence, much fewer requests on new features (16%) were found than requests on feature 
improvement (24%). From developers’ perspective, developing a new feature was costly and risky. It 
also involved changes to a user’s habit, such as adapting to new interfaces, finding functions in new 
places, etc. Hence, if the new features did not enhance user experiences significantly for majority of 
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the users, the developer would not initiate such update. Therefore, even fewer requests for new features 
were observed to be addressed by the developer. During the study period of the dataset, each app on 
average had five matched new feature requests, but 12 requests for feature improvement.

Moderating Effect of Developer Responsiveness on the Relationship 
Between Customer led Improvement/Innovation and App performance
Table 4 reveals significant main and moderating effects in Model 2. Specifically, customer-led 
improvement significantly positively influences both app revenue and downloads (p = 0.02 and p = 
0.001, respectively). The moderating variable, developer responsiveness to customer-led improvement, 
shows a weak significance (p = 0.100) in the revenue model and strong significance (p = 0.008) in 
the download model. This suggests that slower responsiveness (i.e., longer response times) diminishes 
the positive impact of customer-led improvement on app revenue. In line with Hypothesis H3, quicker 
resolution of issues leads to enhanced app performance.

In Model 3, however, both the main and moderating effects lack significance. Echoing the 
findings of Model 1, the impact of customer-led innovation on app performance (Hypothesis H4) is 

Table 4. Moderation Regression Estimation

Revenue Downloads

Model 1

Estimators Std. Error Sig Part F Estimators Std. Error Sig Part F

b
0 241998.174 63816.770 .000 5.517 136822.467 27414.767 .000 6.777

b
1 7292.185 2456.607 .005 2390.485 1041.910 .026

b
2 -7761,506 8906.398 .388 2347.002 3763.517 .536

Model 2

Estimators Std. Error Sig Part F Estimators Std. Error Sig Part F

b
0 201049.292 59989.023 .002 6.745 128125.850 24530.433 .000 11.351

b
1 22054.394 9860.088 .030 .288 13719.751 4031.941 .001 .408

b
3 -397.484 237.114 .100 -.216 -266.394 96.960 .008 -.329

Model 3

Estimators Std. Error Sig Part F Estimators Std. Error Sig Part F

b
0 285009.429 75781.101 .000 1.644 157563.278 31266.829 .000 4.959

b
2 -11415.171 19003.868 .551 -.085 -2531.637 7840.882 .748 -.043

b
3 26.411 22.183 .24 .168 13.345 9.152 1.458 .193
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not significant (p = 0.551 and p = 0.748) in either the revenue or download models. Surprisingly, the 
moderating effect of responsiveness on app innovation also shows no significance (p = 0.24 and p 
= 1.458) in both models. This pattern may be attributed to two factors. First, developing innovative 
features typically takes longer than improving existing ones. Unlike delayed improvements (e.g., bug 
fixes), the absence of new features does not disrupt current app usage, leading to greater user tolerance 
for prolonged development times. Second, introducing new features often requires redesigning user 
interfaces, which can overwhelm users. While users expect immediate attention and frequent updates 
for improvements that affect their immediate use of the app, they are more accepting of lower frequency 
responses for innovative features that add utility but might alter the user interface. Therefore, we do 
not observe a significant moderating effect of developer responsiveness on Customer_led innovation.

The findings from the data analysis were summarized in table 5.

ConClUSIon

In this new era of digital transformation, customers have been empowered to take a much more active 
role in value co-creation with product developers. In particular, in the context of mobile apps, the role 
of customers has emerged from merely adopters to co-creators through voicing out their ideas in app 
reviews. The extant literature documented that such user involvement should lead to enhanced app 
performance. However, this presumption might not hold in the context of mobile apps, where hundreds 
or even thousands of user reviews may be easily generated online. The volume of user reviews might 
be hardly manageable and the quality and relevance of reviews might also vary significantly. This study 
therefore attempted to provide empirical evidence on the effect of user reviews on app performance.

The findings of this study confirmed that addressing customer led improvement reviews could 
significantly lead to improvement in app revenues. Such positive effect is even more remarkable if 
follow-up actions on the user suggestions are taken promptly by the app developers. Conversely, 
customer led innovation was not found to have a significant impact on app revenues. Responsiveness 
to these suggestions, however, has a significant yet weak moderating effect on such link between 
reviews on innovation and app revenues.

ThEoRETICAl AnD pRACTICAl ConTRIBUTIonS AnD IMplICATIonS

The results present important theoretical and managerial implications. To the information systems 
(IS) literature, this study offers empirical evidence on the value of user reviews on app performance. 
Specifically, the financial impact of addressing user reviews on innovation and improvement 

Table 5. Summary of Findings from Data Analysis

Hypotheses Results

Hypothesis One (H1): Customer led improvement has a significant and positive impact on app 
performance. Accepted

Hypothesis Two (H2): Customer led innovation has a significant and positive impact on app performance. Rejected

Hypothesis Three (H3): Developer responsiveness significantly moderates the relationship between 
customer led improvement and app performance. The shorter the time taken to respond customers’ 
requests (the more responsive a developer), the larger the impact of customer lead improvement on the app 
performance.

Accepted

Hypothesis Four (H4): Developer responsiveness significantly moderates the relationship between 
customer led innovation and app performance. The shorter the time taken to respond customers’ 
requests (the more responsive a developer), the larger the impact of customer lead innovation on the app 
performance.

Rejected
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respectively on revenues generated from the apps was measured and quantified. While the extant 
literature documents a positive effect of user involvement on app performance, the findings found that 
only reviews on feature improvement (i.e., customer led improvement) could significantly increase 
app revenues. On one hand, this establishes the role of customers as value co-creators and their 
impacts in the mobile app development process. They are no longer mere app adopters. The added 
value of customers is salient to improvement of app features. The insignificant effect of customer led 
innovation implies that user involvement may not be applicable to all contexts of app development. 
When creativity and innovativeness is required as in the case of new feature suggestions, customers 
may not be able to provide substantial insights.

This research also provides methodological contributions to the IS literature. It demonstrated 
how user reviews of customer led improvement and customer led innovation could be categorized 
and analyzed using review analysis. It also illustrated how developer responsiveness could be 
operationalized by matching app updates with their corresponding user reviews.

This research should offer fundamental value for both research and software engineers. Extensive 
extant research in both management and information system confirms software engineers or app 
developers derive valuable user information from online review data to guide software feature 
refinement, to bridge the gap between the developers and the users, to increase market transparency 
and improve release management (AISubaihin et al. 2021, Martin et al. 2017, Zhang et al. 2019 
and Dabrowski et al. 2022). For example, for feature requirement, analysing app reviews can help 
software engineers to elicit new features desired by the users (Johann et al. 2017). For testing, app 
reviews can help in identifying bugs (Iacob et al. 2016; Shams et al. 2020). For release management, 
app reviews may help prioritize requested changes (Villarroel et al. 2016; Gao et al. 2018; Gao et al. 
2019). For the richness of the app review data, app review analysis becomes an important source that 
software engineers seek information on app development. In a recent publication, Dabrowski and 
his co-authors (Dabrowski, 2022) presented a comprehensive survey research, covering 182 papers 
on app review analysis published from 2012 to 2020. This stream of literature posits that app review 
contains critically valuable information from the customers’ side and responding to such customer 
requests enhances app performance. However, no empirical research ever established such relationship 
between user review analysis and the app performance. The purpose of this study is to link review 
analysis with app performance and test empirically whether such presumption establishes or not. It 
is believed that this research is the first to test such relationship in the literature, thus the research 
has fundamental implications to the domain of review analysis.

App developers may benefit from the findings in several ways. First, this research empirically 
examined and proved that launching update in response to a customer led improvement review could 
lead to an increase in app revenues by $7,292.19 within 12 weeks. This should be good reference for 
the developers to assess the costs and benefits in responding to customers’ suggestions on feature 
improvement. As the moderating effect of developer responsiveness was found to be significant, 
app developers should therefore take prompt and timely actions to address requests from customers 
on bug fixing and feature improvement. However, app developers should exercise discernment in 
addressing customer led innovation reviews. The results indicate that responding to these reviews 
may not necessarily lead to any significant revenue growth, even if timely actions are taken.

lIMITATIonS AnD DIRECTIonS FoR FUTURE RESEARCh

Remarkable effort in both research and industry has been devoted to review analysis under the assumption 
that customer related information extracted from user reviewers can guide app development, thus 
better app performance. This research aims to test empirically if such effort establish in the first place. 
The proposed model links customer involvement with app performance, a relationship moderated by 
developer’s responsiveness. As an explorative study and given limited information, the current model 
is a reduced form model, which does not have many structures built in. The only structure that the 
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authors are able to build into the model is the way the independent variables are constructed, which 
meaningfully represents the behavioral process a developer incorporates the customer’s request into the 
app development. However, it is believed such reduced model is sufficient to address the research goal. 
As shown in both the revenue and download model, the main effect of customer involvement is consistent 
with the same sign across the models. However, the model will surely be improved and provide more 
insights, should the constructs such as leadership quality, marketing campaign data etc. are accessible.

As this study was conducted in the context of health-related mobile apps only, future researchers 
may examine the effect of user reviews on app performance of other nature. This should offer insights 
on whether the nature of apps would have an impact on user involvement. This research also involves 
mainly apps in the United States. The generalizability of the findings may also be affected by factors 
specific to the US context, such as languages supported by the apps, phone models prevalent in the 
US or even network infrastructural issues. Future researchers may examine apps developed in other 
countries as a comparative study. Moreover, only 50 apps were analyzed in the current study. With 
over 2.65 million apps on Google play store (Statista.com, 2022a), the scope of sampling could be 
expanded in future research to enhance the representativeness of the app data.

To offer more insights for mobile app developers, future researchers could also look into the 
construct of developer responsiveness. This study focuses mainly on the time taken to respond to 
user reviews. Subsequent researchers could adopt an experimental design to ascertain the optimal 
responding and feedback cycle for improvement of the app performance. They may also compare and 
identify the optimal number of reviews required to lead to development of novel features.

The measurement of app performance is also not without limitations. App performance could be 
affected by factors other than software updates, such as promotional deals or other marketing efforts. Future 
researchers may attempt to isolate the effects of these contaminating factors in explaining app performance. 
In addition, app performance was only operationalized as app revenues and user downloads in this research. 
In the future, this construct could be operationalized in other ways, such as customer satisfaction and 
customer ratings, to provide a qualitative perspective of app performance. Other moderators could also be 
examined. In addition to developer responsiveness, the comprehensiveness of the customer review content 
or the expertise level of customers may also affect the usefulness and relevance of their reviews. Finally, 
future researchers should extend the study to a greater software development context outside mobile apps. 
For example, DevOps and Agile Software Development are prevalent methodologies that require rapid 
testing by customers and feedback is also constant offered by customers. Expanding the current study using 
these software development methodologies should further enhance data representativeness.
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