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Abstract 

Crowd-based and data-intensive requirements engineering (RE) strategy is an approach 

for gathering and analyzing information from the general public or the so-called crowd to 

derive validated user requirements.  

This study aims to conceptualize the process of analyzing information from a crowd to 

achieve the fulfillment of user requirements. The created model is based on the ADO 

framework (Antecedents-Decisions-Outcomes). In the empirical part, we chose the 

Instagram mobile app and user feedback on it as a source of data for the validation of our 

approach. For extracting antecedents from user feedback, we applied the Latent Dirichlet 

Allocation (LDA), and then sentiment analysis was performed for each topic to prioritize 

the most urgent tasks delegated by the crowd. 

The main findings of our study reveal that using the wide spectrum of experience and 

knowledge of users (the wisdom of the crowd) from user opinions helps uncover different 

aspects that are helpful during software development. The conceptualization based on the 

ADO framework reflects and captures this process well. Thus, crowdsourcing is an 

alternative to traditional methods and techniques for requirements engineering. 

Keywords: crowd engineering, crowdsourcing, wisdom of the crowd, crowdRE, ADO 

framework. 

 

1. Introduction 

Requirements are essential in software engineering since they ensure product quality and 

customer satisfaction [21]. Despite the constant striving for excellence during software 

development, some errors and bugs can be revealed at any stage of a product's life. They 

may result from an inaccurate analysis of requirements, disruptions in the communication 

process, or programming errors [45]. Undetected bugs are amplified and most often 

revealed by users. They can lead to software failures and cause a product to fail to meet 

user expectations. Traditional approaches used in requirements engineering (such as 

interviews, workshops and focus groups) are based on a limited number of users as 

stakeholders. However, now, thanks to the use of user opinions published on the Internet, 

it is also possible to gain knowledge about requirements and verify to what extent they 

keep up with the changing context. Their added value is that they are based on the 

involvement of a large group of potential users from around the world, including people 

from different cultural and geographical backgrounds [38]. Although users provide 

feedback on their experience with a given product in natural language, thanks to the use 

of text-mining techniques (e.g., by classifying, filtering and summarizing user comments, 

etc.), it is easy to monitor requirements and make effective decisions in the software 

development process [26]. In addition, user opinions extracted from online communities 

(i.e., social media platforms, app stores and many forums) capture the “wisdom of the 

crowd” and thus have begun to play an important role in requirements engineering 

processes [46]. 

The usage of text-mining techniques and user opinions for requirements engineering 

(RE) has been adopted in the scientific literature under various names, e.g., data-driven 

RE [26], crowd-centric RE [18; 40], crowd-based RE [8], [12], [23], [38], or crowdRE 

[22], [41]. Despite various names, all are focused on the same issue, namely, obtaining 
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and analyzing user opinions about a product from a so-called “crowd” through 

automation, to obtain user requirements. Regardless of the adopted name, crowd based 

requirements engineering (or shorter, crowd engineering) is a promising approach to 

collecting and analyzing requirements from information generated by large and 

heterogeneous groups of users, often referred to as the “crowd”. Thanks to crowd use, by 

analyzing user feedback and ratings, it is possible to recognize which functions and 

features of an application users like or which are still lacking. In addition, behavioral 

patterns can also be detected, which allow us to learn more about user preferences [46]. 

In the digital world, every product has its “crowd” created by the users who utilize it. 

This crowd consists of huge, heterogeneous, and culturally and geographically dispersed 

groups of product users who interact with each other online. By using a software product 

(e.g., a mobile app, etc.) the crowd gathers practical user experience with that product. 

Crowd members eagerly share their experiences and opinions by posting reviews to 

praise and/or criticize apps or ask for functionalities that are currently not available. This 

allows product developers to understand which of the crowd's requirements are desirable 

and what should be omitted. There are plenty of mobile apps that are very useful and 

intuitive solutions to support everyday activities. The authors of [13] claim that Apple’s 

AppStore has around 1.2 million apps, and its competitor Google Play shares similar 

numbers. The number of mobile app downloads is massive, thus, the number of reviews 

is constantly growing. All of this information on the crowd’s experience provides 

valuable input that should be explored. Knowing how to benefit from this crowd gives 

a market advantage over all those competitors who fail to recognize this potential. 

However, the current state of research is still limited in providing a suitable framework 

for developing systematic user feedback acquisition. Therefore, the following research 

question is formulated: 

RQ1. How can the process of meeting user requirements be mapped and conceptualized 

based on the users' experience (as a crowd) received from user feedback? 

Bearing this in mind, this study aims to conceptualize the process of analyzing and 

managing information from a crowd to achieve the fulfillment of user requirements. 

We propose an approach based on the ADO framework (Antecedents-Decisions-

Outcomes) and text-mining of textual opinions obtained from users. In the created model, 

an important assumption is to profiteer the wisdom of the crowd flowing out from users. 

Thanks to the validation of the example of the Instagram (IG) application, we present the 

usefulness of this concept in meeting requirements from the recipients’ perspective. 

Importantly, our goal was not to evaluate the IG app, but only to test user reviews 

regarding this very popular app. 

The novel contributions presented in this paper are three-fold: (i) conceptualization 

based on the ADO framework as a novelty in the crowd engineering field, (ii) the 

identification of antecedents from crowd feedback through the topic modeling (LDA) 

approach, (iii) the validation of the proposed approach in a case study. 

The remainder of this paper has the following structure. In Section 2 the related 

works are presented. The proposed methodology is submitted in Section 3. We illustrate 

its practical applicability in the form of a case study in Section 4, while in Section 5 

a discussion is conducted. Section 6 closes the paper with some conclusions. 

 

2. Related works 

Our approach encompasses the intersection of the wisdom of the crowd and engineering 

requirements for increasing app quality by adapting the app to the expectations of users. 

These domains are both rather complementary research challenges that create a new 

study area named crowd-based requirements engineering or shorter, crowd engineering. 

2.1. Wisdom of the crowd 

The first scientific exploration of the wisdom of the crowd (WoC) concept was described 

by the work of [7] regarding a weight-judging contest of a fat ox at a farmers’ fair. In [7] 

it was noted that the collective knowledge of the farmers' audience (the crowd) during the 
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fair remarkably outperformed the accuracy of expert opinions (butchers). Later, similar 

findings were repeatedly confirmed by many scholars in various contexts, e.g.: real estate 

market price prediction [35], the improvement of disaster resilience [28], opinions 

influencing prices in the hospitality industry [34], and economic forecasting [5]. Thus, 

these findings have induced crowd leveraging for many challenging problems with very 

good results. 

In [3] the authors define WoC as “the phenomenon wherein the combined judgment 

(i.e., the average judgment) of a group of individuals is, in most instances, superior to 

that of any one individual within the group”. In turn, researchers in [6] suggested 

a definition of WoC - in terms of statistics sciences - as some linear combination of the 

crowd’s estimates that should defeat the estimate of a randomly selected member of the 

crowd. 

According to [43], members of a crowd should be: (i) diverse, so that individuals can 

offer various types of information, (ii) decentralized, so that no one at the top influences 

the collective outcome, (iii) independent, so that they are not guided by what others in the 

group think.  

Diversity is crucial since the authors in [16] demonstrated that a group with both 

well-educated and not-so-well-educated members almost always defeats a group with just 

well-educated members. In turn, the study of [25] proved that even a little social impact 

can influence the effect of WoC in simple estimation tasks. Moreover, the findings of 

researchers in [15] confirmed that experience diversity, participant independence, and 

network decentralization are all positively related to crowd performance, which is 

consistent with the theory of crowd wisdom.  

Thus, the wisdom of the crowd that emerges from user data is worth using in many 

areas, e.g., requirements engineering. 

 

2.2. Crowd Engineering 

Crowd engineering is based on the so-called wisdom of the crowd for product 

development, and assumes that groups can show an uncommon intelligence which 

exceeds that of the most intelligent individuals among them [43]. According to [11] the 

term is defined as “automated or semi-automated approaches to gather and analyze 

information from a crowd to derive validated user requirements". This term is rooted in 

the concepts of crowdsourcing and the wisdom of the crowd. However, crowd 

engineering delimits the application scope to engineering activities only. 

With crowd-based engineering, in [12] the authors named the crowd members as 

'informants of requirements', who usually, and in return for no payment, need not be in 

contact with the requesting team. These features distinguish this concept from the 

crowdsourcing phenomenon. 

Prior studies related to online crowd engineering mainly concentrated on crowd-

innovation tasks in terms of Open Source Software [44], [47]. In addition, there is a 

group of studies dedicated to the field of requirements engineering, and this stream is 

discussed in the next subsection. 

 

2.3. Application of crowd engineering to extract requirements 

Requirements are considered crucial in software engineering since their correct 

identification helps in ensuring product quality and customer satisfaction [21]. However, 

few works are conducted to extract crowd requirements. In [12] proposed “crowd based 

requirements engineering” as a way to integrate existing elicitation and analysis methods, 

as well as fill existing gaps by introducing new approaches, e.g., collecting feedback 

through direct interaction and social collaboration, and by deploying mining techniques. 

In [19] authors carried out a qualitative study that provides insight into the user-reported 

issues of iOS apps. They uncovered 12 complaint types from comments reported by 

users, which can help developers better prioritize their limited quality assurance 

resources. In [22] authors examined the requirements of smart home statements 
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suggested by crowd users and required features from the given requirement statements 

dataset. Similarly, based on the smart home dataset, researchers in [29] identified key 

opportunities to develop automated crowd engineering techniques. In turn, the authors of 

[24] proposed a four-stage keyword-based machine approach to semi-automatically 

classify user requests in crowdsourcing scenarios. In [11] developed a novel crowd based 

RE approach for collecting user feedback which strongly focuses on a participatory 

vision. Intrinsically motivated users become crowd members because they benefit from 

software products that meet their needs. 

The approach used in the present work is based on the principle of crowd-based 

requirements engineering presented by [11]. The dataset we used for the case study was 

collected considering the rules of the wisdom of the crowd and crowd engineering, thus it 

represents wide and diverse user requirements. 

 

3. Methodology 

In this section, the research approach adopted in this study was described. Subsection 3.1 

discusses the model which was applied for conceptualization. Subsection 3.2 presents 

data collection for the case study while Subsection 3.3 describes the used approach for 

mining user feedback. 

 

3.1. Antecedents-Decisions-Outcomes (ADO) Model 

To achieve the goal of this study, the ADO framework was used for the conceptualization 

of the research approach. The ADO model was introduced by [32]. It is very flexible and 

can be used in many areas. To the best of our knowledge, we use this framework for the 

first time in crowd engineering to extract requirements, manage information from the 

crowd and finally meet the expectations of users. Antecedents constitute drivers which 

motivate future activity and can explain linkage or non-linkage to a particular task. An 

example of antecedents may be all factors hindering the use of the application, observed 

by users, e.g. technical problems after an update or suggestions on what is not working 

properly and should be fixed. They will trigger some decisions to be made. 

Decisions represent certain kinds of tasks to do and are connected with the outcomes that 

occur after the performance or non-performance of an activity. In [32] the authors emphasize that 

the ADO dimensions are interrelated. An example of a decision can be actions taken by software 

developers, e.g. fix or delete, etc., which finally will trigger an outcome, e.g. full user satisfaction 

with the software. 

To gain "structured insights" when creating antecedents, we decided to use user feedback (that 

is, opinions from the crowd) and process this using text-mining algorithms. This issue is presented 

in more detail in the subsequent subsections. 

 

3.2. Data 

Instagram is a Facebook-owned, free application created primarily for users of mobile 

devices. It allows users to share visually appealing content - mainly photos, but also posts 

and videos. After downloading the app, users are allowed to write online reviews about 

their experience with the app's usage. In this work, we treat these reviewers (IG app 

users) as the crowd and we intend to rely on their wisdom. 

Data for this study cover Instagram mobile app user feedback (for Android = 391, and 

iOS = 176 users' opinions), scraped respectively from Google Play and the App Store. In 

total, 567 reviews, only in English, covering 1-31 March 2020 were downloaded. 

 

3.3. Methods and Analysis 

The R software was applied for the analysis of textual data. In our study, we decided not 

to create separate datasets for Android and iOS because (i) there were not a huge set of 

reviews and (ii) users' opinions for each group were not in comparable quantity. Thus, 

after collecting data from text reviews about the IG app, only one corpus consisting of 
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567 reviews was created. Then, it was subjected to several preprocessing steps according 

to standard text-mining procedures. First, punctuation marks (periods, commas, hyphens, 

etc.), numbers and white spaces were removed (library(tm)). Second, the characters in the 

entire corpus were converted to lowercase. Then, stopwords (e.g. “and”, “or”, “not”, “in”, 

“is”, etc.) were removed. Finally, to ensure the terms in the corpus are uniquely 

identified, stemming was performed using Porter's stemming algorithm 

(library(SnowballC)). 

This study focuses on uncovering antecedents as hidden sub-themes in the corpus. To 

achieve this, we applied the Latent Dirichlet Allocation (LDA) modeling approach 

(library(topicmodels)). To determine a suitable number of topics to extract from the 

corpus, we performed preparation-modeling-evaluation cycles. A 16-topic model was 

found to be optimal in terms of the average semantic coherence of the model [33] and [9]. 

Since we obtained topics described only by top-weighted keywords, a topic labeling 

process was needed. The result of this stage is presented in Table A (available on the 

GitHub repository). Using a lexicon for English opinion by [4] - to expand the context of 

this study with emotional information - we performed sentiment analysis (SA) for each 

topic at an extended binary level (positive or negative sentiment, i.e.: weak 

positive/negative sentiment, average positive/negative sentiment, high positive/negative 

sentiment, very high positive/negative sentiment, almost complete positive/negative 

sentiment). Such a gradation will determine the order for issues to be solved by 

developers. The most urgent topics are those with almost complete negative sentiment, 

contrary to the themes with weak negative sentiment. The Net Sentiment Rate (NSR) for 

each topic was calculated, according to the algorithm proposed by [1], including 

a standardized interpretation of the index result as well. The following calculation was 

used for the computation of the Net Sentiment Rate: 

 

   NSR = 
(𝑃𝑂−𝑁𝑂)

(𝑃𝑂+𝑁𝑂)
      (1) 

 

where: PO – positive opinions, NO – negative opinions. 

NSR  ( -1; +1), where: -1 opinions are totally negative, +1 opinions are totally 

positive. To be able to define the strength of the net sentiment precisely, the following 

classification was used [1]: 

• 0.0 < | NSR | ≤ 0.1 - weak positive/negative sentiment,  

• 0.1 < | NSR | ≤ 0.3 - average positive/negative sentiment, 

• 0.3 < | NSR | ≤ 0.5 - high positive/negative sentiment, 

• 0.5 < | NSR | ≤ 0.8 - very high positive/negative sentiment, 

• 0.8 < | NSR | < 1.0 - almost complete positive/negative sentiment. 

The assignment of the sentiment of each extracted topic is shown in Tables B and 

Tables C (available on the GitHub repository). 

Nowadays, fake data generated by artificial intelligence (AI) may pose a certain 

threat to scientific research. To check the quality of opinions from the dataset and finally 

avoid those generated, for example, by bots or fake accounts, a dozen users' feedback 

was selected from a random sample, and two issues were manually checked (i) whether it 

was a review or a short comment related to the topic and (ii) whether the sentiment score 

calculated by the algorithm is correct and raises no objections. No suspicious and 

questionable reviews or inconsistent sentiment scores were found. These activities 

provided the framework to evaluate the data quality of (i) the source data, (ii) results of 

algorithms, and finally (iii) output data. 

 

4. Case study 

A case study method is a popular approach in software engineering research [37] as it 

works well to research real-world phenomena, which should be studied with their 

practical context in mind [48]. 

For this study, we chose the Instagram mobile app and user feedback on it as a source 

of data for the case study. We created a crowd by joining its members by their common 

https://github.com/Anna-TM-projects/-The-Crowd-as-a-Source-of-Knowledge/blob/main/Appendix_Tab%20A.pdf
https://github.com/Anna-TM-projects/-The-Crowd-as-a-Source-of-Knowledge/blob/main/Appendix_Tab%20B.pdf
https://github.com/Anna-TM-projects/-The-Crowd-as-a-Source-of-Knowledge/blob/main/Appendix_Table%20C.pdf
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denominator, namely, that they use the IG mobile app and/or are interested in a well-

functioning IG app. In addition, IG app users come from different cultural and 

geographical locations, thus, the set of users fits the definition of a “crowd”.  

According to [31], crowdsourcing and crowd engineering strategies may fail when 

applied to an inappropriate crowd or an insufficient number of participants who 

contribute to a project. To avoid these issues, we decided to use data covering Android 

and iOS feedback on the Instagram mobile app direct from Google Play and the App 

Store. Thus, we meet the key assumptions on which the wisdom of the crowd is based, 

namely, diversity, independence and decentralization [15]. 

In line with the presented methodology, we have extracted 16 topics from the corpus. 

Sentiment analysis for each of the recognized topics enabled expanding our study with an 

emotional diagnosis. In this way, we uncovered topics with negative sentiment as a 

foreground source of information reported by the crowd for improvement. We were 

guided by the findings of the authors [30] that unsatisfied users are willing to reveal 

many details about various aspects and app qualities that evoke frustration. Thus, they are 

a valuable source of information. In our model, the extracted topics become a group of 

antecedents. The conceptual model based on the ADO framework is presented in Fig. 1 

(RQ1). The depicted conceptualization covers only antecedents with negative sentiment 

(see: Table C available on the GitHub repository) since they point out the most 

frustrating aspects for users, thus, they should be most urgently improved or removed. 

The selected antecedents (as a result of LDA topic modeling) - based on the topic 

proportion and the value of the NSR indicator - are ranked in terms of the importance of 

their consideration and possible fulfillment. Thus, the first topic, #13 Requests for adding 

some options to switch on and off, most often appeared from the wisdom of the crowd 

and was at the same time the most negative (NSR = –0.7). By drilling down the opinions 

of application users on this topic, one can indicate what options /functionalities they lack. 

Table 1 in Annex contains some examples of original user feedback from topic #13. 

Another topic with very high negative sentiment (NSR = –0.67) is topic #15 Users' 

suggestions on what to fix. User feedback from this topic provides ready-made tips work, 

and what should be improved so that the application better meets their expectations. 

According to Figure 1, among the topics with the least negative sentiment is topic 

#8 The app quality issues (NSR = –0.01). By browsing the feedback related to this topic 

(Table 2 in Annex), you can easily get to the details of quality-related issues. 

 

 
Fig. 1. Conceptual framework – antecedents, decisions and outcomes (ADO). 

https://github.com/Anna-TM-projects/-The-Crowd-as-a-Source-of-Knowledge/blob/main/Appendix_Table%20C.pdf
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By extracting the knowledge discovered from opinions created in natural language 

(textual data), it is possible to uncover the most frustrating and problematic aspects 

indicated by app users. It should be emphasized that further inquiries can also consider 

topics with positive sentiment (Table B - available on the GitHub repository). These will 

certainly provide insight into additional user expectations.  

The stages of collecting, analyzing and checking suggestions from the crowd would 

need to be repeated in an automated or semi-automated manner, preferably as iterative 

loops to verify the results of previous iterations in terms of monitoring aspects of the 

product. In this way, potential requirements can be identified early and continuously 

mapped based on the wisdom of the crowd. 

Crowd wisdom is based on collective action in which only some part of the user 

population makes significant contributions to achieve the best version of the app. 

However, thanks to this approach, the desires and needs of potential end-users can really 

be more precisely understood and fulfilled. Thus, their implementation is a guarantee of 

achieving the quality desired by users. 

 

5. Discussion 

Quality is an abstract concept and, in principle, is difficult to measure. For this reason, 

the use of application users' opinions in the proposed approach, and their successive 

fulfillment is a guarantee that the quality desired by users can be achieved. Consequently, 

the app will fulfill the users' expectations and requirements. 

By extracting topics and recognizing the type of sentiment associated with them, it 

becomes possible to garner all the main problems (Antecedents) that developers should 

deal with in order to obtain satisfaction from app users. Antecedents with negative 

sentiment are foreground themes that need to be addressed urgently. The next step is a 

diagnosis of areas associated with positive sentiment. All problematic issues can be 

considered and solved if they need improvement. 

Users as crowd members report in their feedback on a variety of facets, which can be 

split into three main groups: (i) software problems, e.g., bugs, app crashes, (ii) extension 

ideas, e.g., feature requests, or (iii) ideas for improvements. Examples of user opinions in 

these three areas are presented in Table D (available on the GitHub repository). The 

aspects raised by users (the crowd) in our case study, identified in the table, are consistent 

with prior research. For example, the authors in [12], [41] identified software problems in 

terms of bugs and app crashes, in [17], [27] researchers noticed extension ideas 

encompassing feature requests, whereas in [23] researchers detected ideas for 

improvements. 

In line with the authors of [22], we claim that the text mining approach delivers useful 

insights based on crowd data, which can be used by requirement engineers for bug fixing, 

software evolution planning, drawing ideas for improvements, etc. In the ADO model - in 

the Decisions part - we present general tasks to undertake, such as check, re-design, fix, 

delete and/or skip. The kind of decision is motivated by its Antecedent. 

The key issue that initiates the whole process is that crowd members must have 

access to the places where submitting feedback is possible, e.g., app stores, social media 

sites, etc. Consequently, obtaining information from user opinions allows developers to 

take into consideration crowd members’ requirements and needs, and finally initiates 

work to fulfill them. In terms of the ADO framework (RQ1), starting from Antecedents 

and subsequently performing the relevant Decisions results in getting the app in line with 

crowdsourcing requirements (as Outcomes, see Figure 1). Importantly, the obtained 

suggestions for improvement or the expressed requirements of the crowd are 

characterized by wisdom [15], thus their fulfillment can be very satisfying for both 

parties (users and app providers). When crowd members possess diverse knowledge and 

viewpoints (as is indisputable in our study), the crowd can be considered wise. This 

variety produces uncorrelated judgment errors that cancel out in aggregate [3]. 

Furthermore, a diverse group of individuals (arising from a heterogeneous population) 

brings different perspectives to user requests. 

https://github.com/Anna-TM-projects/-The-Crowd-as-a-Source-of-Knowledge/blob/main/Appendix_Tab%20B.pdf
https://github.com/Anna-TM-projects/-The-Crowd-as-a-Source-of-Knowledge/blob/main/Appendix_Table%20D.pdf
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Beyond diversity, the characteristics of a wise crowd encompass independence and 

decentralization. Users' expressed opinions (the crowd) were not determined by others 

around them and we assume that they were written voluntarily and without pressure, thus 

the condition of feedback independence is fulfilled as well. Moreover, the crowd should 

be decentralized. This feature of a wise crowd is also maintained since our crowd 

members comprise a distributed conglomerate linked by the web and eventual social 

interactions [36]. The crowd members act freely of each other and there is no supervision 

over them. The user feedback regarding the Instagram app, therefore, includes the 

‘wisdom’ of the crowd. 

The communication covered by the conceptualization model (Figure 1) should 

complement traditional requirements elicitation approaches (interviews or workshops) in 

which only a limited number of users give feedback on their needs [11]. However, 

manually analyzing huge amounts of feedback has some flaws. Above all, it is extremely 

time-consuming and cognitively challenging. Therefore, techniques to automatically 

analyze user feedback are necessary to avoid these drawbacks. In the literature, there are 

studies on using automatic natural language processing (NLP) techniques in classifying, 

clustering and categorizing user opinions [13], [24], [39]. Similarly in our work, the text-

mining method is employed along with sentiment analysis, which splits user opinions 

into negative and positive to easily find complaints and approvals regarding product 

features. Furthermore, this approach makes it possible to drill data down to obtain more 

detailed reports about bugs, feature requests, or other user needs. Developers can perform 

further specific analyses based on metadata such as time stamps to allow for the 

discovery of trends over time. 

According to [2], topics with negative sentiment are more related to issues such as 

features, app crashes and fixes, whereas positive topics are more connected to general 

user perceptions. In [30] the authors revealed that disgruntled users are prone to provide 

details about various aspects that evoke frustration, while, when giving positive feedback, 

they usually present the overall qualities of the app. Having these findings in mind, we 

focused mainly on negative topics in our model. However, this does not mean that topics 

with positive sentiment should not be included for consideration in the next stage. 

Based on a case study of crowdsourcing software development at a multinational 

corporation, the authors of [42] claimed that the cost was much greater than originally 

expected. Our approach ignores efforts to prepare specifications and avoids waiting for 

answers to queries of the IG app community. Similarly, the time to complete review 

mining and finally resolve quality issues is significantly shorter, due to the division of 

tasks related to negative and then the positive sentiment. Thus, the listed aspects speak in 

favor of our approach. 

The presented approach brings theoretical (the conceptualization of the process of 

requirements acquisition based on the ADO model as a novelty in the crowd engineering 

field) and practical contributions (the procedure including tasks for developers captured 

in three stages of the ADO framework). An additional benefit of this approach is based 

on crowd wisdom usage. 

 

6. Conclusions and future work  

To entirely fulfill user needs (Outcomes in the ADO model), customers' demands should 

be constantly monitored and uncovered (Antecedents), and these demands should 

subsequently be satisfied (Decisions) in a short time period, with low cost and high 

efficiency (RQ1). Identified Antecedents motivate the choice and performance of relevant 

tasks from across a spectrum of decisions in order to create an app according to users' 

needs and requirements. Our conceptualization of this process based on the ADO model 

maps well onto these activities. What is more, the app manufacturing process and its 

improvement take into account continuous innovation with what comes from the wisdom 

of the crowd. 

With the crowd engineering approach, user voices are captured and practically 

utilized very quickly. Thus, an important benefit is the reduction of development time 
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and/or increased success of the developed product, as well as superior acceptance by 

customers. It is, however, necessary to note some flaws of this approach, namely, it can 

create unrealistic expectations and ambiguous requirements, which was also recognized 

by [8].  

On the other hand, the dynamic development of AI technology in the researched field 

may enable scientists to use more advanced methods of text data analysis and sentiment 

analysis. Deep learning models can be better at understanding context and subtleties in 

expressions (i.e. irony or sarcasm). Advanced AI algorithms allow for analysis 

personalisation, adapting the results to the user's individual preferences and context. The 

proposed approach has the potential to develop and adapt to changes in terms of new 

possibilities. Thus, this is the universality of the presented conceptualization based on the 

ADO model. 

The practical implication of our user feedback data based approach is the usage of the 

diversity and spectrum of experience and knowledge of users (wisdom of the crowd) 

from a large number of opinions to uncover different aspects which are helpful during 

product development and manufacturing. Our case study (for the Instagram mobile app) 

confirmed that crowdsourcing is an alternative to traditional methods and techniques for 

requirements engineering. Consequently, deep reflection on user perceptions and 

expectations within requirements (especially pointed out by negative sentiment) 

contributes to identifying priorities for action and developing an app that is in line with 

crowdsourcing requirements, i.e., entirely fulfills user expectations. 

As with many other empirical studies, our study has some limitations. However, these 

limitations are minor and open up opportunities to pursue further research to generate 

actionable insights with value to the crowd-based and data-intensive requirements 

engineering area.  

First, the study is based on a small number of user opinions subjected to text mining 

analyses. This approach resulted from the fact that this is a pilot study intended to test the 

developed concept.  

Second, the focus on a single case study limits the generalizability of the findings. 

Extending research on additional apps and more user opinions could perhaps lead to 

better insights and conclusions. Thus, future research should be conducted on a much 

larger data set of user feedback and should cover other types of apps as well. 

Third, in response to the research question, we provide only a framework for 

conceptualizing a process of analyzing and managing information from a crowd to fulfill 

user requirements. There is a need for further research on developing detailed principles 

(step by step) for using this approach. Additional research in the above area will provide 

developers with tools and more detailed practical guidelines on how to draw on this 

approach to achieve a high-quality application that fully meets the expectations of its 

users. In addition, in future research, we will investigate the different requirements 

groups, their flows, and their characteristics in a more direct way. 

Despite these limitations, the findings of this study should provide a good starting 

point for future research on crowd-based and data-intensive requirements engineering. 
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Annexes 

Table 1. Examples of user feedback in topic #13 (original language). 

User 

opinion 

ID 

Sample Reviews 

#123 "(...) However, I wish there was another way to remove followers other than block them (...)” 

#166 

"(...) when someone mention @ me in the insta highlight, there I still dont have the function for "add this to your 
story function" at my mesage. what is this? all my friends already gotten this feature and My account didnt see this 

option. PLEASE FIX THIS PROBLEM. and i dont like that doesn't allow me to see who viewed my stories the 

feature after 24 hours deadline. i want to know who is interested to see my stories. the numbers not important." 

#511 
“Would be nice if you add an option to switch on and off automatic video playback on mobile data. It cost me a lot 
of data when videos play by itself.” 

 

Table 2. Examples of user feedback in topic #8 (original language). 

User 

opinion 

ID 

Sample Reviews 

#11 
"Story video quality between IOS and Android is still far different. Especially at the night. IOS do much better in 
terms of quality and sound video story compare to Android. (...)" 

#164 

"Why does it lower the image quality when I record videos or take photos through the app? my internet connection is 

fine and there's nothing wrong with my camera. I asked my friends about it and it seems to be an occurring problem 
among Android devices. Please fix it immediately!" 

#215 
"when uploading a video on my story, the quality of the video turns out very bad and blurry. same issue when i add 

gif to a pic story. please fix this problem! however, everything was fine if i only upload a pic story without gifs." 

#224 
"This app sucks you'll insta people better fix the video quality. Oh us we don't mind moving to FB so solve this video 

quality thing. This App deserves 1 star for now. Insta won't really do anything to help us fix the video quality (...)" 

 


