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ABSTRACT 
Context. For the product manager, the product context analysis, which aims to align their products to 
the market needs, is very important. By understanding the market needs, the product manager knows 
the product context information about the environment the products conceived and the business the 
products take place. The product context analysis using the product context information helps the 
product manager find the accurate position of his/her products and support the decision-making of the 
products. The product context information generally could be found in the user feedbacks. And the 
traditional techniques of acquiring the user feedbacks can be replaced by collecting the existed online 
user feedbacks with a cheaper cost. Therefore, researchers did studies on the online user feedbacks 
and the results showed those user feedbacks contain the product context information. Therefore, in 
this study, I tried to elicit the product context information from the user feedbacks posted on Twitter. 
Objectives. Objectives of this study are 1. I investigated what kinds of Apps can be used to collect 
more related Tweets, and 2. I investigated what kinds of product context information can be elicited 
from the collected Tweets. 
Methods. To achieve the first objective, I designed unified criteria for selecting Apps and collecting 
App-related Tweets, and then conduct the statistical analysis to find out what is/are the factor(s) affect 
(s) the Tweets collection. To achieve the second objective, I conducted the directed content analysis
on the collected Tweets with an indicator for identifying the product context information, and then
make a descriptive statistical analysis of the elicited product context information.
Results. I found the top-ranked Apps or Apps in few themes like “Health and Fitness” and “Games” 
have more and fresher App-related Tweets. And from my collected Tweets, I can elicit at least 15 
types of product context information, the types include “user experience”, “use case”, “partner”, 
“competitor”, “platforms” and so on. 
Conclusions. This is an exploratory study of eliciting product context information from the Tweets. It 
presented the method of collecting the App-related Tweets and eliciting product context information 
from the collected Tweets. It showed what kinds of App are suitable to do so and what types of 
product context information can be elicited from the Tweets. This study let us be aware of that the 
Tweets can be used for the product context analysis, and let us know the appropriate condition to use 
the Tweets for the product context analysis. 
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1 INTRODUCTION 

1.1 Motivation 
The product refers to things that offered to the markets and been used by its 

customers [1]. “The intention behind a product is the satisfaction of a set of people or 
organizations with comparable needs against some form of compensation” [2]. 
Because of the rapid spread of the mobile application (App), I choose App as the 
representative of the product in this study. The App is a kind of software products 
running on the mobile device. “Software products are developed and maintained by a 
software organization and serve for multiple, varying customers” [3]. Therefore, there 
is a big challenge for products when facing different kinds of users and their needs. 

In the software organization and serve, the software product manager is the one 
responsible for the developing products and the existed products with the changing 
market needs [4]. The product manager needs the product context analysis to accurate 
position the product by understanding the product context information. The product 
context analysis is not only focusing on your own product itself, but also including 
analyzing the other products to judge the competitive situation in the markets. 

As a bridge to connect the product manager and the market information, the user 
feedback presents the user behavior and feeling of the software product [5]. The user 
feedback even helps the product manager to improve their software product after 
delivering and deployment of the software product [6]. For instance, the product 
manager can use the user feedback to support their decision on the product 
maintenance and updating. 

Therefore, how to get the user feedback is a key topic for the product manager. In 
software engineering, the product manager can acquire the user feedback by applying 
traditional techniques. The traditional techniques include the use of “questionnaires 
and survey, interview, and analysis of existing documentation such as organizational 
charts, process models or standards, and user or other manuals of existing systems” 
[7]. However, those techniques are either quite costly in time, money and human 
resource for large consumption on collecting the user feedback [7], or not sufficient 
when facing the changing market needs [7]. 

Nowadays, the social networks service (SNS) platforms like Twitter, the 
Application distribution (AD) platforms like Google Play, and the open source (OS) 
platforms like Github provide their users a space to post their feedbacks on those 
platforms. By conducting retrieval with the certain keywords, the product manager can 
find the user feedback for a certain product from those platforms. To gather the existed 
online user feedback has obviously less consumption than using the traditional 
techniques. The product manager does not need to proactively interact with the product 
user but only need to collect the existed user feedbacks online. And the data collection 
progress can be operated by a software program. 

Therefore, analyzing the existed online user feedback is an alternative solution for 
the product manager to do the product context analysis.  

In this paper, I studied how to collect and analyze those online user feedbacks and 
what kinds of product context information can I elicited from them. 

1.2 Background 
1.2.1 Product context information (PCI) 

Not all the user feedbacks on the Internet are useful for the product manager. 
Therefore, I have to post a standard of for “product context information” which refers 
to the information that the product manager needs for products’ decision-making. For 



 

  8 

instance, information about product domain, technologies, and market segments 
belongs to product context information [8]. 

“The business model describes the rationale of how an organization creates, 
delivers, and captures value” [9]. To be aligning the product with the company 
strategy [2], according to “Business Model Canvas” [9], the product manager should 
consider following product context information shown in Figure 1.1: key resource, 
key activity, customer segment, value proposition, partner, channel, competitor, 
revenue streams, and cost structure.  

In order to know the user experience of using the product, the product manager 
also needs the information about whether and why the user likes or dislikes a product 
or a feature, what problems does the user have in using the product, and what kinds of 
new request are generated. These kinds of information about the market’s needs I call 
them “User Quality Experience” information. 

Therefore, the first model for identifying the product context information called 
“User Quality Experience + Business Model Canvas” model, and I used this model for 
summarizing the results of the related works) 

 

 
Figure 1.1 Business Model Canvas 

 
Figure 1.2 shows another model for identifying the product context information. 

The SPMBoK was a reference model of product management practices established by 
the International Software Product Management Association (ISPMA) for guiding the 
software product manager [8]. Each block in this table is a strategy or an activity 
which the product manager as a mini CEO has to plan and follow on [8]. And Samuel 
A. Fricker [2] explained and defined each block in his paper “Software product 
management”. 

I call this model “SPMBoK” reference model, and I used this model in the directed 
content analysis for detecting whether the elicited information is PCI or not. 
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Figure 1.2 The software product management body of knowledge (SPMBoK) [2, 8] 

1.2.2 Twitter 
Twitter is one of the most popular SNS platforms all over the world and it has 

more than 300 million users and more than 500 million Tweets published each day1. 
The user of the Twitter can upload texts, pictures, audios, and videos on the Twitter 
and shows to the visitors. Each of the uploaded information is called a Tweet. The 
visitors can make comments to the posted Tweets if they like to.  

In fact, the user of popular AD platforms posts a flood of information the same as 
the popular SNS platforms. However, the environments of these two platforms are 
different. Users are reviewing a certain App when they are writing the user feedback 
on AD platform. While, without this presetted environment, the discussions on the 
SNS platforms are of more general purpose. 

Therefore, it is convincible to believe there is a difference of the kinds of elicited 
PCI from the two platforms.  

The reason for choosing Twitter is for comparing with other SNS platforms, 
Twitter has its own characteristics:  

1. Tweet is limited to 140 characters, which makes the effort of content analysis 
more expectable. 

2. The Twitter authorization control is low. I can easily collect the strangers’ 
Tweets. 

About the 140 characters limitation, I’d like to claim that the true number of 
characters the Twitter user can post is more than 140: 1. The expression which 
generally takes 2 characters is counted as 1 character in Twitter, and 2, the short link 
of user attached multi-media such as picture and video which generally takes 23 
characters is not considered in the 140 characters limitation. 

1.3 Aims and objectives 
This study aims to investigate whether the App-related Tweets contain the product 

context information for the product context analysis.  
There are several objectives should be achieved to meet the aim: 

                                                      
1 www.brandwatch.com/2016/05/44-twitter-stats-2016.  
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1. Design criteria for selecting Apps and collecting Tweets and the criteria 
should guarantee the coverage of all different types of the Apps and control the 
amount of collected Tweets. 

2.  Identify how the amount of the collected Tweets changes across different 
kinds of Apps. 

3.  Conduct the content analyses on the collected Tweets to elicit the product 
context information. 

4. Compare the topics of the elicited product context information with the 
SPMBoK [8] to judge whether I get the right product context information or not. 

5. Conclude the analysis results to state the Tweets collection performance of 
different Apps and what kinds of product context information are there in Tweets. 

The benefit of pursuing these objectives would be to provide the support for 
deciding whether using Twitter as the data source to elicit the product context 
information or not. 

1.4 Expected outcomes 
The expected outcome is an overview of what kinds of Apps are suitable for using 

the Twitter data to do the product context analysis and what kinds of product context 
information could be found from the Tweets.  

With the help of this study, I expect to provide the product manager a scientific 
method to decide whether their products are suitable to use the product-related Tweets 
analysis. And if they do so, they know what kinds of product context information may 
be elicited and how to get these kinds of PCI. 

1.5 Structure of this thesis  
I first introduced the related work in this area (Section 2). Then, I declared the 

research questions, the design of this study and the results (Section 3, 4).  By analyzing 
the results, I answered the proposed research questions (Section 5). After discussing 
my findings (Section 6), I draw a conclusion and sketched the future research 
directions (Section 7). 
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2 RELATED WORKS 
Researchers have done a set of studies on the user feedback on the different 

Internet platforms. And the conclusion of the related works is listed in Table 2.1 
 
Norbert Seyff, et. al. [10] presented a series of experiments on Facebook group 

discussion environment. The experimenters induced the participants to generate, elicit 
and even negotiate the user requirement. It showed the Facebook can be a good 
platform to support distributed requirement engineering [10] What’s more, the result 
also presented that with a spark there are Facebook users willing to share their 
requirement on a certain topic. If extend this result to the whole social network 
environment, but not only the experiment environment in this research, I can make a 
reasonable prediction that I can get information about user requirement from the social 
network platforms. 

 
Pagano, Dennis, and Wiem Maalej [11] obtained 1,126,453 user feedbacks from 1,100 

applications (550 free, 550 paid) from the AppStore. By doing the statistical analysis with 
the user feedback’s metadata, they investigated how and when the user posts the user 
feedback. Then, by studying the user’s rating to other user’s feedbacks, they analyzed the 
user feedback impact on the user community. Finally, they sampled 1,100 user feedbacks 
for the manual content analysis and inspected what types of the user feedback and patterns 
in the co-occurrences of the feedback types existed. They conclude the themes of the user 
feedback on AppStore as “Community”, “Requirements”, “Rating”, and “User experience”. 

  
Maalej, Walid, and Hadeer Nabil [12] did a subsequent study of the above research 

on App store user feedbacks. They argued that using the automatic techniques to 
classify the user feedback in the AppStore into four types, “bug report”, “feature 
requests”, “user experience”, and “ratings”. Several probabilistic techniques were 
reviewed and compared in their research.  

They conducted a series of experiments to compare the accuracy of the simple 
string matching, text classification, natural language process and the user feedback 
metadata to categorize the user feedback in the AppStore. The result shows that the 
combination of the different techniques has a better performance to filter App user 
feedbacks and extract features. They believed that the App user feedbacks analytics 
such as the feature extraction, opinion mining and the classification of the user 
feedbacks, can make the AppStore data more useful for software requirements 
engineering decisions. 

 
Laura V. and Kristina Winbladh [13] also used an automatically method to process 

the App user feedbacks. Their research focused on the topic extraction of the user 
feedback. They considered using these kinds of information to help the product 
manager to revise the requirements for next releases.  

They used the Information Extraction (IE) techniques, especially the topic 
modeling method to automatically filter the user feedbacks and gain constructive 
feedback from the App data. In order to evaluate the topic modeling technique, a set of 
experiments and statistics analysis were conducted.  The results of the experiments 
showed that the topics extracted by the automatically method match the manually 
extracted ones, while this method can also significantly reduce the manual effort. And 
they argued that the topics generated by the proposed method could be relevant with 
the requirement changes of the App updating. 

 
Luciano Barbosa and Junlan Feng [14] aimed to understand the Tweets’ sentiment 

from the biased and noisy data. They proposed an approach to automatically detect 
sentiments on the Tweets. And they investigated how the Tweets are written and what 
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kinds of meta-information words composed the Tweets. What’s more, they collected a 
lot of noisy labels as training data. By conducting an experiment, they proved their 
approach is more effective and robust to handle the biased and noisy data than the 
previous ones. And their approach can create a more abstract representation of the 
Tweets, better than the raw words created by the previous approaches. However, there 
is still a problem in dealing with the Tweets contain antagonistic sentiments. 

 
Emitza Guzman and Walid Maalej [15] said that the App stores allow users to 

submit feedbacks for downloaded Apps and rate them. And the previous empirical 
studies showed those feedbacks are useful to the analyst and the product manager. 
However, there are 3 limitations of using the user feedbacks on App stores: the number 
of user feedbacks too large to be manually processed, the quality of user feedbacks 
varies largely, and the rating is given to the whole App. The product manager does not 
have an indicator for a single feature.  

They raised an approach to identify fine-grained app features and then elicit user 
sentiments about those identified features. By scoring an identified feature with the 
user sentiments, people can directly evaluate features in an App. In this approach, they 
use natural language processing techniques to extract fine-grained features from each 
user feedback, while use sentiment analysis to score it. Finally, they use topic 
modeling techniques to group the scored fine-grained features into high-level features 
which are more meaningful to be used for analysts and the product manager. In this 
study, they used 7 Apps to conduct this approach, and the results showed this approach 
has a precision of 0.59 and a recall of 0.51, can help the product manager to judge the 
user views about single features. 

 
Hammad Khalid and et al. [16] dedicated to finding the relationship between App 

quality and the user complain. They think the previous researches about the app 
quality focus on the problem from the developers’ view. However, they believe in 
finding the App quality problem should at first to know what users are not satisfied. 
From their perspective, poor user feedbacks strongly consist to low ratings. And those 
elements are the most significant reason that affects the sale of Apps. 

To discover the types of user complain about the AppStore user feedbacks, they 
selected 20 Apps from the Apple store. The 20 Apps cover 15 of 23 App categories in 
Apple store and have more than 250,000 user feedbacks with ratings lower than 3 stars. 
They used the stratified sampling technique to extract samples and used manual 
content analysis to tag a complaining type to each sample. The final result is that they 
conclude 12 complaint types with a description and example of each complaint type. 
They also checked the relevance of different types of complaints to the product 
manager. This finding first showed that the App stores’ user feedbacks contains user 
requirements, and enable the product manager to better predict possible user 
complaints. 

 
In Harman and his colleagues’ study [17], it showed that there is a strong 

correlation between customer rating and the amount of the App downloads.  
To support the claim, they mined and analyzed the relationships between the 

technical, business and user perspective for the Blackberry App store, showing how to 
use the findings to inform the product manager to manage the App updating. In order 
to verify their observations, they performed four phases to investigate the relationships 
among the features, customer perceptions, and business. They extracted the raw data 
from the App store and parsed the data according to several pattern templates. After 
that, they used the Natural Language Processing techniques to mine the features and 
analyzed the result to draw the conclusion. They found that the Apps store contains a 
ready source of information on business, customer rating and features mined from the 
user feedbacks can be used to the App development. 
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McIlroy et al. [18] pointed out that it is difficult for the product manager to fully 
benefit from the original user feedbacks because of their huge quantity and free form. 
Several companies have tried to provide the statistics and comparative analysis of the 
user feedbacks to the product manager, however, it is still difficult to apply the provide 
analytics in practice and development process. The reason is that most of the analytics 
are not software engineering oriented. The analysis results of the user feedbacks are 
not associated with the software-related concepts such as the software quality.   

For these problems, Mcllroy et al. proposed an automatically label classification 
method to assign multiple labels to different types of user reviews and issues, e.g. 
feature requests and functional complaints. This method can classify the user reviews 
into various categories for developers to gain an overview of the users’ feedback. In 
this study, they conducted a case study to evaluate the performance of the proposed 
method, the automatically label method. The result shows that the labeling user 
feedback is beneficial for the product manager to analyze the user expectations. 

 
Table 2.1 The Result of Related Works 
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3 METHODOLOGY 

3.1 Research questions 
To achieve the aim of this study, I ask the following research questions. 
 RQ1. Which kinds of App’s metadata affect the amount of the Tweets 

collection? 
 RQ2. What kinds of product context information can be extracted from 

the Tweets? 
For an App, the more Tweets I can collect, the more PCI I might elicit from them. 

Therefore, the answer to the RQ1 points out what kinds of Apps are suitable for  the 
product context analysis with Twitter data. And the answer to the RQ2 gives an 
overview of what product context information is on the Twitter. Furthermore, by 
comparing with the results of the related works, I can find what unique kinds of the 
product context information are there in the Tweets and find the difference of elicited 
PCI via different online data source. 

To get the answer of theRQ1, the statistical analysis is a direct way to find the 
inner relationship between the Apps’ metadata and the amount of collected Tweets. To 
answer the RQ2, the content analysis [19] is needed. 

3.2 Study design 
The study design consists of two phases (Figure 3.1). The data collection phase 

rules how to collect the App-related Tweets, and the data analysis phase rules how to 
answer the research questions and how to conduct the directed content analysis.  

 

 
Figure 3.1 Research Method 

 

3.2.1 Data collection 
This study focuses on collecting and analyzing the Tweets related to the Apps. 

Therefore, the Apps’ name was the keyword when collecting the Tweets. There are 
three main mobile Application distribution platforms on the Internet: Apple Store, 
Google Play, and Windows Phone. In this study, I chose Google Play as the data 
source2 for selecting Apps. 

                                                      
2 https://www.appannie.com/apps/google-play/top-chart/united-states/application/ 
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Criteria for the App selection: There are 28 kinds of themes of Apps on the 
Google Play. In order to guarantee the coverage of all different types of Apps, I pick 
two top-ranked Apps (free/paid) and two mediocre-ranked Apps (free/paid) from each 
theme as the representatives. Therefore, there will be 112 Apps that are different from 
each other. 

Top-ranked Apps are randomly selected from the top 10 Apps, and the mediocre-
ranked Apps are randomly selected from the top 400-500 Apps. Considering over 2 
million Apps were released on the Google Play, a 500-ranked App is almost invisible 
to the user. However, the average of the quantile reached 99.3%. 

Criteria for the Tweets collection: The collected Tweets are limited to be posted 
in last 10 days, and the maximum amount of collected Tweets for each App is limited 
to 100.  

The limitations aim to study the cross-sectional character of the Tweets, 
meanwhile, aim to avoid the bias might be caused by few Apps which have a really 
huge amount of related Tweets dominating the collected data.  

Query string: In order to collect and store the data, a Java program is needed. In 
this Java program, twitter4j API, an Interface for accessing Twitter is used. This API 
allows the user to search the latest Tweets with the query string limitation. In this 
study, the query string is “keyword (the App’s name) +lang: en +exclude: retweets”. It 
will select the latest posted Tweets which contain the keyword, limit to English and 
exclude the retweets and those Tweets are posted in the last 10 days.  

The information of the collected Tweets including the Tweet’s Id, Tweet’s poster 
Id, the Tweet’s content, and the Tweet’s postdate needs to be recorded. And the App’s 
metadata need to be recorded is shown in Table 3.1.    

All kinds of information are saved in the MySQL database for statistic analysis 
and the Excel sheet for manual content analysis.  

Table 3.1 App's metadata 

App’s metadata Description Value 

Name The full name of an App a string of characters 

Theme The category of an App One of the 28 themes 
listed in Google Play 

Rank The location an App is on 
the Google Play Selling list Top, Mediocre 

Cost The money cost for 
acquiring an App 

A number (0 means 
free) 

Rating The rate star of an App 0.0-5.0 

Likes The amount of the user 
who liked the App A positive integer 

 

3.2.2 Statistical Analysis 
In order to answer the RQ1, I use a statistic test to find whether there is a 

correlation between the amount of the collected Tweets filtered by the App and the 
App’s metadata. Meanwhile, the distribution of the collected Tweets on the Tweets’ 
postdate is discussed and the extra interesting findings are displayed. 

This is also a step to screen the Tweets for the further analysis. If for one App, the 
amount of collected Tweets is less than 80, I consider that this App is too weak to 
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conduct the product context analysis with Twitter data for the poor ability to acquire 
the sufficient data. 

3.2.3 Directed Content Analysis 
“Qualitative content analysis is one of numerous research methods used to analyze 

text data” [19]. The qualitative content analysis is a research method to subjectively 
summarize the content of the target data by coding and identifying topics or patterns 
[19].  

The directed content analysis is one approach of the qualitative content analysis. In 
the directed content analysis, researchers reference the existing theory or prior research 
to identify the key words as the initial coding categories [19]. 

The analysis process in my study is a subjective judgment. In order to make a 
scientific study, I need to reference the former researches’ theory to decide what kind 
of information is useful for the product manager. Therefore, the directed content 
analysis is used in my study, and the main guidance comes from the SPMBoK [8]. 
This study applies the directed content analysis on the collected Tweets, to elicit the 
product context information. 

 Due to the Tweets come from different types of Apps, the analysis progress 
should focus on one product or one theme once. For the analysis on the Tweets about 
one App, the analysis progress is conducted as an iterative model. I read and analysis 
each Tweet, then decide whether this Tweet is useful. 

Figure 3.2 showed the flow of the directed content analysis blew. 
 

 
Figure 3.2 Flow of directed content analysis 

 
If a Tweet doesn’t contain information related to the App, I mark “False Positive” 

on this Tweet. While, if App-related information can be elicited from a Tweet, the 
keywords in the Tweet referring to the product context information are recorded. Then 
I code a self-defined label [19] to describe this type of elicited product context 
information and mark this label on the Tweet. If the label already existed, I directly 
categorize this Tweet under this existed label. 

In each iteration, I only analyze for one label and list the new labels into the label 
queue. When the previous iteration finished, the next new label in the queue will be 
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used for the new iteration, the new iteration also scans the Tweets from the first to the 
last. In this process, it is allowed that marks several labels on one Tweet. 

When all the iterations are finished, I will check the proportion of “False Positive”. 
If the “False Positive” appears more than half, that means the analyzed Tweets 
contains so much irrelevant information, I will discard those data. 

After the directed content analysis, all Tweets have their own label(s). In order to 
validate whether the self-defined labels are relevant to the product management, the 
labels will be compared with the activities in product management [8], only those 
labels who matches the definitions of the activities in SPMBoK will be remained. 
 

3.2.4 Descriptive Statistics Analysis 
This step is to describe and summarize the result of the directed content analysis. 

By listing all kinds of product context information elicited from the collected Tweets 
of each App, I answer the RQ2. 

I’d like to use 3 tables to introduce the results of the Tweets’ directed content 
analysis grouping by Apps. 

The table Ⅰ called “Relevant information of XXX”. This table will show the basic 
relevant information of an App. The table header is shown below. 

 

 
 
The table Ⅱ called “Tweet Classifications of XXX”. The table will display what 

kinds of useful information were detected from the collected Tweets. 
 

 
 
In each line of the table Ⅱ, one demonstration of Tweet for the corresponding Self-

defined label will be given. The keywords are the product context information I elicit 
from the Tweet Example, they are also the keywords that drive me to mark a self-
defined label to the Tweet. The amount expresses how many Tweets were marked with 
the self-defined label. At last, the SPM strategy & activity shows the relationship 
between the existed theory and the Self-defined labels. 

The table Ⅲ whose table header is shown below called “PCI elicited from the 
Tweets filtered by XXX”. 

 

Self-defined Label All Keywords Amount 

 
It is the complement of tableⅡ. First, Table Ⅱdoesnot present all kinds of useful 

Tweets/information of each label. The “Product context information” column will 
present all kinds of the elicited product context information I got. Second, even though 
most of the Tweets are distinct, the core information I elicited are the same or similar. 
That means several Tweets might be elicited the same useful information and the 
amount of useful Tweets cannot stand for the amount of useful information. The 
“Amount” column will tell the amount of useful information on each label. 

 
(XXX in the above tables is the name of the App.) 
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4 RESULTS 

4.1 Results of the Tweets collection 
This section summarized the collected data and illustrated the correlation and 

relationship among them. First, I tried to discover the amount of collected Tweets 
filtered by different Apps. And then, I displayed the distribution of the amount of 
Tweets on different kinds of App’s metadata including Apps’ theme, Apps’ rank, 
Apps’ cost, Apps’ postdate and Apps’ Rating and Likes. Finally, I counted how many 
words/length the average Tweet contains. 
The maximum amount of collected Tweets in this study is 11200 (28 themes * 2 

ranks * 2 costs * 100 Tweets), and I finally collected 4917 Tweets in which 4 Tweets 
have the same Tweet Id and Tweet content as other Tweets, from 3065 Twitter users. 
In average, a user posted 1.6 Tweets. Only 1.83% (99) of those Tweets had the same 
content as other Tweets. 
15 Apps from 12 themes failed to get Tweets and all of them are mediocre-ranked 

Apps, while 7 are free Apps and 8 are paid Apps. 33 apps from 22 themes got the 
maximum amount of Tweets (100), and only 8 of them are mediocre-ranked Apps and 
12 Apps are paid. 
Figure 4.1 shows the overall view of the collected Tweets from the rest 97 Apps 

who have more than 1 related Tweet collected. It shows the amount of Tweets posted 
in different date (from day 1 to in day 10) in different colors. I found that 37 of 112 
(33.04%) apps each collected more than 80 Tweets. Those 37 Apps take 74.64% (3667 
Tweets) of the whole collected Tweets. 65 of the Apps (58.04%) each collected less 
than 50 Tweets and the totally collected 614 Tweets (12.50%), especially 58 of the 65 
Apps each collected less than 30 Tweets and 328 Tweets (7.8%) in total. (See the 
Apps’ metadata in Appendix A: METADATA OF SELECTED APPS) 
Another interesting finding of Figure 4.1 is that the majority (2659, 72.5%) of the 

Tweets of those Apps who collected over 80 Tweets are mainly posted in the day when 
I did the data collection. The latest postdate of those Tweets is day 6, and the amount 
of those Tweets is only 38 (1%). Meanwhile the Tweets of the rest Apps who didn’t 
collect too many Tweets are more ‘colorful’. Table 4.1 displays this finding clearly. 
 

Table 4.1 Tweets distribution on postdate 

 
Day1 Day2 Day3 Day4 Day5 Day6 Day7 Day8 Day9 Day10 

#Tweet<80 147 118 108 140 136 174 127 139 125 36 

Tweet>80 2659 437 218 245 76 38 0 0 0 0 
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Figure 4.1 The amount of collected Tweets distribution on postdate
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The distribution of the amount of collected Tweets on themes is shown in Figure 

4.2. There was no theme achieves the maximum amount of Tweet collection (400 
tweets). Around 17 of 28 themes collected nearly or over 200 Tweets. 6 themes 
collected less than 120 Tweets. They are “Finance” (118), “Libraries and Demo” (20), 
“Lifestyle” (106), “Live Wallpaper” (76), “Medical” (53), and “Personalization” (22). 
On the other hand, “Game” and “Health and Fitness” are the outstanding themes of 
collecting Tweets, and they collected 306 and 313 Tweets respectively. The rest 
themes made a similar result ( the majority of them collected around 200 Tweets). 

Due to the limitation of 140 characters, the average of Tweets’ length had not 
much difference among Apps. (Figure 4.2) There was also no regular tendency 
between the number of Tweet’s word/length and the Apps’ Theme. However, Figure 
4.2 showed the average length of collected Tweets (in Theme level) ranged from 74 to 
119, and the mean value is 101.4, a bit lower than 106.09 which is the mean length of 
the reviews on Apple Store. [11] 

 

 
Figure 4.2 The relationship among amount of collected Tweets, app’s themes, 

Avg_word, Avg_length, Avg_rating, and Avg_Likes 
 

Compare with Figure 4.2, Figure 4.3 further showed the relationship between the 
amount of collected Tweets and App’s rating/Likes in App level (Figure 4.2 is in 
theme level and Figure 4.3 is at the App level). I found the Likes values display a 
chaos distribution and the rating values seem totally no connection with any other 
factors. The only 5 Apps who own the 5-start ratings only have 42 related Tweets 
collected in total. 
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Figure 4.3 The relationship among the amount of collected Tweets, Apps’ Rating, and 

Apps’ Likes 
 
Figure 4.4 shows 45.39% (2237) of the Tweets are contributed by “top & free” 

Apps, 26.25% (1296) of “top & paid” Apps showed 1296 Tweets, proportion is 26.25, 
10.79% (536) of the Tweets are from “mediocre & free” Apps, and 17.26% (848) of 
them come from “mediocre & paid” Apps.  

Top-ranked Apps (3533, 71.91%) has a dominated advantage in Tweet collection 
than the mediocre Apps (1380, 28.09%). In top-ranked Apps, the free Apps have 
almost as twice related Tweets collected as the paid Apps. While in mediocre-ranked 
Apps, the difference between free and paid is not obvious. 

 

 
Figure 4.4 The relationship among the amount of collected Tweets, Apps’ rank, and 

Apps’ cost 
 
Meanwhile, whether an App is charged seems is not a key factor of the Tweets 

collection. The free Apps and the paid Apps collected 2773 Tweets (56.44%) and 2140 
Tweets (43.56%) respectively. Both in free Apps and paid Apps, the top-ranked Apps 
have the absolute more related Tweets than the mediocre-ranked Apps. 

The Figure 4.5 showed there was also no regular tendency between the amount of 
collected Tweets and the App’s cost. (NOTE: only paid App considered for there is no 
cost changing for free Apps) 
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Figure 4.5 The Amount of paid Apps’ collected Tweets on the tendency of cost 

increasing 
 
Figure 4.6 additionally illustrates the postdate distribution of the collected Tweets. 

It is obviously to find that the majority of collected Tweets (2806, 57.12%) are posted 
in the date when I collected them (day 1). Based on Figure 4.7, it also is easy to find 
that the more related Tweets an App have, the more frequent the Tweets were posted.  

 

 
Figure 4.6 Amount of collected 

tweet distribute on postdate 
 

 
Figure 4.7 Average of postdate 

distribution on the amount of 
collected Tweets

 
From the Figure 4.8, I can see the collected Tweets’ word number ranged from 1 

to 35. The majority of Tweets (2063 42%) contains 12 to 17 words. And the average of 
word number is 13.7486 (free 13.8590, paid 13.6056, top 13.8266, mediocre 13.5499).  

The Twitter users also like to use the hashtag to refine their Tweets and additional 
short links for extending the Tweets. 3226 hashtags appeared in 1537 Tweets, and over 
3500 Tweets contain one or more links. Some links are typed or pasted by the user, 
and other links essentially are the multi-media content (pictures or videos) uploaded by 
the user and transformed to short links by Twitter. Those links redirected to a multi-
media content are not considered in the 140 characters limitation. 
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Figure 4.8 Distribution of Tweets' word number 

 
 

 
 

4.2 Specific result of content analysis on different Apps 
This section displayed the specific result of the directed content analysis on the 

collected Tweets. 
 As mentioned above, I can find there are 37 Apps (Bold rows in A 1) could be 

considered to be used to conduct the content analysis for they have more than 80 
Tweets collected.  

However, some of them have confounding names. It could lead the Apps’ names 
to appear in other totally app-unrelated dialogs, such as “Unblock me”, 
“GoToMeeting”, “Barcode Scanner”, and so on. In fact, the Tweets collected from 
those Apps lead a lot of “False Positive” marks, and I decide not to use them for 
making further analysis. This phenomenon was caused by I didn’t do the inspection on 
the App’s name in App selection.  

And there are other Apps whose collected Tweets are monotonous, such as 
“Dropbox”, “WikiLeaks”, “Spotify Music”, and so on. The users like to share the 
resources they have in those Apps, so most of the Tweets collected from those Apps 
are similar to “#NowPlaying I Want You by Giuseppe Caruso on #spotify #music 
#singersongwriter #lovesong https://t.co/FmS2q01sCk” or other kinds of information 
like advertisements of those Apps. This phenomenon may be caused by I didn’t screen 
the Tweets’ posting client, which may distinguish whether a Tweet is posted by human 
or is auto-generated.  

Finally, I randomly chose 6 Apps whose “False Positive” rate is lower than 50%, 
from different App themes to show the results of the content analysis. They are 
“Amazon Kindle”, ”Skype”, ”Geometry Dash”, ”ClassDojo”, ” Netflix”, and ”Venmo”. 
In addition, I also showed the result of “Flight Tracker” (mediocre-ranked App) whose 
“False Positive” rate is over 50% for displaying what is the difference of eliciting a 
worse data. 
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As I planned in the “study design”, the 3 tables are used to record and display the 
content analysis progress and results. (See the tables in Appendix B: THE 3 
TABLES FOR THE SELECTED APPS) 

I summarized the results of those tables as follow. The whole collected Tweets and 
their results of content analysis are shared on Dropbox3. 

4.2.1 Amazon Kindle 
The “Amazon Kindle” was top-ranked and free App. 39 different keywords 

elicited from 89 collected Tweets, while only 1 of those Tweets was “False positive”. 
It was a platform running on the smartphone for reading and purchasing eBooks. It 

also could interact with the real paper books. And there was a special physical device 
for it, and this device had a lot of versions. And the physical books practitioners might 
be against this product. 

The most common type of elicited product context information of “Amazon 
Kindle” was the “Related Product” (37.1%) and the “Alternative Product Variant” 
(47.1%). That information provided the product manager a way to know what the 
market response to the related product was and could help them to decide how to 
configure their own portfolio, like what kind of products could invest in or eliminate 
out. And ensure the product position based on the user feedback to better aim at their 
target users. 

What’s more, coincidentally “Amazon Kindle” was not only an app’s name, but 
also there was corresponding physical device product. That was also the reason for 
those 2 kinds of product context information elicited more than others. It showed that 
this product context analysis method might be also used in general product context 
analysis. 

4.2.2 Skype 
The Tweets of “Skype” did a good job in the content analysis. 100 Tweets (86 

useful Tweets) led to 59 different keywords.  
It showed that the Skype was a tool for instant messaging. Even though it faced the 

challenge from the traditional telecom and the emerging social network, it still had a 
strong position in his area for it provided variety service for user communication. The 
user could send the direct message, make Skype call, face-to-face cam, and conduct a 
video conference. 

The “Skype” had wide cooperation partners. It was not hard to find there were 
kinds of derivatives business/services provided to the user based on the cooperation of 
its partners. The users’ feelings on the “Skype” were different, some thought it was 
really good, but others liked to make complaints when the App sometimes didn’t work 
so well. The type of the “Skype” user was general based on the Tweets content, but the 
users who posted most numbers of the Tweets were camgirls and their fans. The 
camgirls liked to conduct a live show via Skype to earn money. That was what the 
Tweets told me. 

4.2.3 Geometry Dash 
“Geometry Dash” got 46 keywords from 86 useful Tweets. As a famous, top-

ranked and paid Game App, it was called a national game all over the world and was 
supported by the majority of mobile platforms. You could even play it on the Windows.  

The Tweets illustrated that this game is really hard for a lot of players. However, 
the players still liked it and were addicted to this game. Users liked to post or share the 
excellent game videos on the YouTube. They discussed how to pass this tough game. 

This game allowed the user to modify or customer-design the game and released 
the customer own version to public. One of the most famous customer products was 
“CraftDashGames” which transplanted the Geometry Dash to “MineCraft”, and it 
became a challenger to the original version. 

                                                      
3 https://www.dropbox.com/s/ywtnmd0649ixl8t/Tweets.xlsx?dl=0 
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4.2.4 ClassDojo 
“ClassDojo” was a top-ranked and free education App. 30 keywords were elicited 

from 88 useful Tweets. The rate (34.1%) was not so good for the Tweets contained a 
lot of repeated core information. 71 Tweets with the label of “Customer type” led to 4 
keywords, and 64 Tweets with the label of “Competitor” led to 8 keywords. 

I would like to say more than half of the Tweets collected from “ClassDojo” were 
the advertisement or propaganda. And in the rest of the Tweets, users expressed their 
high praise and the future confidence on the App. According to the users highly review, 
I could reasonably surmise that this App provided solutions far more than “improving 
the parent-teacher meeting” and “releasing education videos” which were described in 
the collected Tweets. It was a pity my collected Tweets didn’t say more about this App. 
However, I believed once enlarged the amount of the collection, more user feedbacks 
would be collected and I could elicit more product context information. 

4.2.5 Netflix 
“Netflix”, as the top-ranked and free App, it was not a so success sample in the 

content analysis process. 35 of 100 collected Tweets were treated as “False Positive”. 
The amount of elicited keywords was 29, and around half of them were “content”, 
which was abused for the “Netflix” was a video content provider. 

Based on the chapter “B5”, users were enjoy watching Netflix so much and were 
addicted to the variety videos provided by Netflix. Users even asked the Netflix 
Company to post their favorite dramas. Most of the users liked to lay in the bed and 
watch video on their phones. 

There was an interesting thing from the Tweets that most people enjoy the time 
watching Netflix comfortably, while they expressed a bit regret or worry about wasting 
so much time on Netflix.  

4.2.6 Venmo 
“Venmo” was top-ranked and free App. The Tweets from “Venmo” were not 

effective in generating useful Tweets (29 “False Positive”), but were extremely 
effective in eliciting the keywords (55 keywords). 

Venmo was an extremely interesting App. It combined the social media and 
mobile payment and was very popular in youths. As a mobile wallet, it cooperated 
with banks and allowed the user conduct many economic operations. Meanwhile, as a 
social media, the user could post their status, especially economical movements and 
status to the Internet. This unique character made it energetic when facing the 
challenge from numerous competitors both in social media area and mobile payment 
area. 

4.2.7 Flight Tracker 
This App was a mediocre-ranked and paid. It was a bad example of conducting the 

product context analysis with Twitter data. And it was the only one among the selected 
Apps whose Likes value is less than the average Likes value of theme. 

The “Flight Tracker” had very bad performance on both eliciting useful Tweets 
(57 False Positive) and eliciting keywords (14 keywords). The reason for these results 
was obvious if looking into the collected Tweets. The majority of Tweets (around 90%) 
were advertisements or auto-generated.  

I presented the result of this App for clearly showing my thinking on content 
analysis process and pointing out that some of Apps might not suitable to conduct the 
product context analysis with Twitter data.     
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5 ANALYSIS 

5.1 Analysis of the statistic results 
This section is the corresponding analysis of “Results of the Tweets collection”. 

And it is for answering the RQ1: Which kinds of App’s metadata affect the 
amount of the Tweets collection?  

The answer is the rank was the key factor, the theme had a slight influence, cost 
only worked for the top-ranked Apps, and the Rating and Likes had no correlation. 

According to the Figure 4.2, I found the App’s theme could affect the amount of 
Tweets collection. Generally speaking, Apps in the themes of “Games”, and “Health 
and Fitness” collected obviously more Tweets than the Apps in the other themes, while 
Apps in the themes of “Finance”, “Libraries and Demo”, “Lifestyle”, “Live 
Wallpaper”, “Medical”, and “Personalization” collected the least Tweets.  

That means the theme of an App might be possible to affect the result of 
Tweets collection for the App. 

 When looking into the rank and cost. I found that top-ranked Apps have more 
related Tweets than the mediocre-ranked Apps. Meanwhile, the cost of the App has a 
slight influence on the Tweets collection for an App. 

Figure 5.1 is the overall result of two-tailed Mann-Whitney U test on App’s cost 
and rank. There is a significant difference of the numbers of related Tweets between 
top-ranked Apps and mediocre-ranked Apps. And there is no significant difference 
between the free Apps and paid Apps. 

 

 
Figure 5.1 Two-tailed Mann-Whitney U test on App’s Rank and Cost 

 
When only taking top-ranked Apps into consideration, the cost played a role in the 

data collection. Top & free Apps have more related Tweets got collected than the top 
& paid Apps. Figure 5.2 (left figure) showed there is a significant difference between 
the free and paid Apps if they are all top-ranked Apps. However, this tendency 
couldn’t be witnessed once the mediocre-ranked Apps were considered (Figure 5.1, 
right figure) or only consider the mediocre-ranked Apps (Figure 5.2, right figure).  
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Figure 5.2  Two-tailed Mann-Whitney U test on Top-ranked Apps and Mediocre-

ranked Apps (Free & Paid are compared) 
 
Meanwhile, for both free and paid Apps, top-ranked Apps had obviously more 

related Tweets got collected than the mediocre-ranked Apps (Figure 5.3).  
 

 
Figure 5.3 Two-tailed Mann-Whitney U test on Free Apps and Paid Apps (Top & 

Mediocre are compared) 
 
The above analysis showed that rank is a key factor to influent the Tweets 

collection and the cost factor is only useful in top-ranked Apps. 
 The values of Rating of Apps were similar but the Likes’ values were different by 

Apps. However, it was proved by the Spearman correlation test in Figure 5.4 that both 
Likes and Rating had no correlation with the amount of collected Tweets. And Figure 
4.3 gave us a directed view to see there wasn’t a clear relationship between the 
Amount of collected Tweets and Rating/Likes. 
 

 
Figure 5.4 Two-tailed Spearman correlation test on #Tweets & Rating and #Tweets & 

Likes 
The above analysis showed that the Rating and Likes have no influence on the 

Tweets collection. 
 
Except those results that can answer RQ1, there were other interesting findings 

showed in the Section 4.1 worth to analyze. 
1. When considering the 140 characters limitation, 101.4 as the average of 

Tweets’ length makes me surprised that the Twitter users were so willing to 
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share their comments about the Apps. Because even without the characters’ 
limitation, the average of the reviews on Apple Store was only 106.09 [11]. 

2. The majority of the Tweets expressed a complement sentence, which had 8-20 
words and were easy to understand. However, there were also dirty words and 
links on the Tweets, some links redirected sites with completely irrelevant data 
or third parties with app directories, some even redirected to a site with child 
pornography. And the quality of the attached links could be considered an 
indicator of “False Positive” rate in the future works. 

3. The distribution of the amount of collected Tweets on the Tweets’ postdate 
showed that the more related Tweets an App had, the smaller the average 
postdate those Tweets have. And as I have already found the top-ranked Apps 
have more related Tweets, this phenomenon could be considered as a side-
evidence for that the top-ranked App would have a better result of the product 
context analysis with Twitter data than the mediocre-ranked App. 

5.2 Analysis of the collected Tweets from different Apps 
This section is the corresponding analysis of the “Specific result of content 

analysis on different Apps”. And it is for answering the RQ2: What kinds of product 
context information can be extracted from the Tweets?  

I conducted the directed content analysis on the 689 Tweets collected from the 7 
selected Apps. Then I found 535 of the 689 Tweets include product context 
information, and there were 15 types of product context information contain 272 
different keywords. The types and definitions of the elicited product context 
information are shown below:  

 
Table 5.1 Taxonomy of the elicited PCI 

PCI category Description 

Related 
Entity 

The real-world objects or products which have the relationship with 
the App. For example, the bank is the related entity of PayPal. 

Customer  Pointed out the characteristics or types of the App’s users. For 
example, travelers like to use PayPal. 

Competitor Other Apps or products (not limited to software) had similar 
functions with the App. For example, Google Pay is the competitor of 
PayPal. 

Partner Other Apps, software products, or companies who had cooperation 
relationship with the App, or could be combined used with the App. 
For example, App Store is the partner of PayPal 

Product 
Variants 

A different version of the App. Each variant may offer specific 
characteristics.  For example, PayPal offers a desktop version and a 
mobile version. 

Platform Then environment of using the App. For example, someone uses 
PayPal on iPhone. 

User 
Experience 

The user emotional feeling of using the App. Including like, dislike, 
and user complaints. For example, some users think PayPal is very 
convenient for their life. 



 

  29 

Bug report The App’s runtime error which made the user suffered or complain. 
For example, some may complain they can’t withdraw from PayPal 

User request User requirement on adding, removing, or improving a function of 
the App. For example, users may ask PayPal to offer load service. 

Element The elements which were designed in the App. For example, there 
are user name, password, account balance designed in PayPal. 

Sales 
Channel 

The description of where the user could acquire or update the App 
or the App’s alternative product variant. Usually, contains download 
links. For example, the user can download PayPal via Google Play. 

Business The business information of the App’s company. Like investment, or 
marching toward a new market, etc. For example, PayPal has been 
merged by eBay. 

Use Case The usage scenario to describe how the user uses the App. For 
example, BTH students use PayPal to print 

Sales The information of App release. Including but not limited to the price 
of the App, the release region of the App, and other revenue pipes of 
the App. For example, the App of PayPal is free to use. 

Content The information that the user could get from the App. For example, 
the user may read  economic advertisement when using PayPal. 

 
By comparing the definition of the self-defined labels and the blocks in SPMBoK 

(Figure 1.2), I found the connection between these kinds of elicited product context 
information and those blocks. The elicited information hits the participation part 
(Strategic Management) and core part (Product Strategy) of SPM strategy described on 
the SPMBoK. This connection is also displayed in Table 5.2. 
The collected Tweets contain the product context information, but the amount and 

the type of the product context information laid particular stress via different Apps. In 
another word, different kinds Apps lead to different kinds of product context 
information elicited from Tweets. And Table 5.2 displays this phenomenon. 
 
Table 5.2 The distribution of the amount elicited keywords by Topics 

SPM 
strate
gy 

SPM 
activit
y 

Self-
define
d 
Label 

Amaz
on 
Kindle 

Skype 
Geom
etry 
Dash 

ClassD
ojo 

Netfli
x 

Venm
o 

Flight 
Tracke
r 

Total 

Strateg
ic 

Manag
ement 

Portfoli
o 

Manag
ement 

Relate
d 
Entity 

7 - - - - 1 - 8 

Produc
t 

Strateg
y 

Produc
t 

Positio
ning 

Custo
mer 
Type 

4 7 2 4 - 9 - 26 

Compe
titor 

1 10 3 8  13 - 35 
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Partne
r 

- 8 1 - - - - 9 

Alterna
tive 
Produc
t 

Variant 

13 - 16 1 - - - 30 

Platfor
m 

1 - 7 - 2 - 2 12 

User 
Experi
ence 

2 5 8 12 11 8 3 49 

Bug 
Report 

- - - - - - 2 2 

User 
reques
t 

- - - - 1 1 - 2 

Produc
t 

Definiti
on 

Elemen
t 

- 7 1 2 - - - 10 

Deliver
y 

Model 

Sales 
Chann
el 

1 - 3 - - - - 4 

Busine
ss Case 

Busine
ss 

- 2 - - - - - 2 

Use 
case 

6 18 - 1 3 15 3 46 

Pricing Sales 2 2 5 2 - - 6 17 

Ecosyst
em 
Manag
ement 

Conten
t 

2 - - - 12 - - 14 

Total amount of keywords 39 59 46 30 29 55 14 272 

#useful Tweets 88 86 86 88 65 79 43 535 

Rate (#keywords/#useful 
Tweets) 

44.3% 68.6% 53.4% 34.1% 44.6% 69.6% 32.5% 51% 

#Tweets 89 100 100 100 100 100 100 689 

Rate(#keywords/#Tweets) 43.8% 59% 46% 30% 29% 55% 14% 39.5% 

False Positive Rate 1% 14% 14% 12% 35% 21% 57% 22.4% 

(PS: The numbers in Table 5.2 derived from table Ⅲ in Appendix B: THE 3 
TABLES FOR THE SELECTED APPS) 
 
The amount of keywords has different distributions on different Apps and different 

PCI categories. And the elicited PCI includes not only “bug report” (0.74%), “user 
request” (0.74%), “user experience” (18.01%) and “use case” (16.91%) which were 
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founded in the reviews of App stores [12], but also includes other market information. 
And the market information has a high weight in the elicited PCI (Table 5.3).  

 
Table 5.3 The distribution of product context information 

Typ
e 

Bug 
Report 

User 
request 

Business 
Sales 

Channel 
Related 
Entity 

Partner Element Platform 

Rat
e 

0.74% 0.74% 0.74% 1.47% 2.94% 3.31% 3.68% 4.41% 

Typ
e 

Conte
nt 

Sales 
Customer 

Type 

Alternativ
e Product 

Variant 

Competit
or 

Use Case 
User 

Experie
nce 

- 

Rat
e 

5.15% 6.25% 9.56% 11.03% 12.87% 16.91% 18.01% - 

 
And there are two points I need to emphasize, one is the label “related entity” in 

Amazon kindle. The Amazon Kindle refers to not only the App but also the physical 
device. In this label, the keywords (B 3) showed the relevant products which can be 
paired sold with the amazon kindle. This may be a signal that there is possibility to use 
Twitter data to do the analysis for general products. 

The other one is the result of “Flight Tracker”, which is the only mediocre ranked 
App, and listed in the table for making a comparing. Its “False positive” rate is 57%, 
much higher than the other Top ranked Apps, and also over the threshold. Combine the 
answer of RQ1 (top-ranked Apps have more related Tweets), I’d like to make a 
hypothesis that the top-ranked Apps are more suitable in doing the product context 
analysis with the Twitter data than the mediocre-ranked Apps. 
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6 DISCUSSION  

6.1 Discussion on the threats to validity 
 

6.1.1 Internal validity 
In the data collection phase, I designed criteria of App selecting, Tweets collecting, 

and the query string to control the data collection to exclude the confounding factors 
and to make the data collection phase repeatable. 

Unfortunately, I missed two factors which can make the collected Tweets more 
close to the idea dataset. One is the “App’s name”. Some Apps have a confounding 
name which is commonly used in general communication. The missing control of this 
factor caused some of the collected Tweets contain the query keywords but do not 
relate to the App. Another factor is the “post client” which may distinguish whether a 
Tweets was posted by a human being or was auto-generated. The missing of this factor 
caused some of the collected Tweets were similar to others. 

During the content analysis phase, Tweets related to 7 Apps are used. This 
selection was conducted based on the percentage of “False positive” rate of each App. 
This standard removed the Tweets which are not sufficient to do the content analysis. 
Maybe the “False Positive” rate is not the best way to screen valuable Tweets, but it 
works.  

At the end, I’d like to say the missing of the two factors “App’s name” and “post 
client” wasn’t a failure. It illustrated the noise of Tweets and partly showed what kinds 
of Apps were not suitable to use Tweets for the product context analysis. And the 
screening of “False Positive” rate ensured the noisy Tweets will not affect the result of 
my research. 

6.1.2 External validity 
The use of stratified random sampling led a good coverage of the Apps offered on 

Google Play. And the numbers of Tweets used for statistical analysis and manual 
directed content analysis are comparable to the number of reviews of other researches 
[11]. 

Due to most of the related researches also conducted automatic content analysis 
with a large number of reviews [12, 13, 15, and 18], in the study, nearly 700 Tweets 
had been chosen to do the directed content analysis, the result of my content analysis 
could not be considered to be representative. However, my result could represent the 
best situation. And for the Apps which had few related Tweets or had a confounding 
name, I have no solution to elicit PCI from them. 

I’d like to say the method used in my study worked but results of this research 
were hard to be generalized. I could only claim that the results existed, and it needs 
more researches to validate and extend. 

6.1.3 Construct validity 
As I mentioned in the internal validity, my data collection criteria covered all 

different kinds of Apps and displayed the different ability of Tweets collecting in 
different Apps. Therefore, the statistical result of the Tweets collection is reliable. 

By following the SPMBoK which was a maturated theory, the result of the 
directed content analysis is reliable. 

The threat is that even though I followed the SPMBoK as the guidance of directed 
content analysis, this analysis process was subjective. Therefore, other researchers may 
interpret classify the Tweets differently or the types of the PCI differently (PS: that 
does not mean my result was wrong). 



 

  33 

Therefore, it would be better to get more industry product managers and relevant 
experts involved in the future research. 

6.2 Discussion on the results 
This paper contributed with an exploration on to what extent the Twitter data can 

be used as the data source to elicit PCI for the product context analysis.  
Considering most of the related works focused on the reviews on App Stores [11-

13, 15-18], my study and its result no doubt showed a good alternative data source for 
product context analysis. 

More specifically, in my study, I did not only study the Tweets related to the top-
ranked Apps, but also studied the Tweets related to the mediocre-ranked Apps. And 
tried to find the factors affected the amount of App-related Tweets. These topics were 
not taken into considered in other researches [11, 20], and they were only interesting 
about the feedbacks of top-ranked Apps. By solving this question, I clearly stated what 
kinds of Apps might be more suitable for conducting product context analysis with 
Twitter data. 

Both in the other researches [11, 20] and my study, we all found that the Apps’ 
price and the Apps’ theme/category influenced the amount of App-related 
reviews/Tweets. That means the usages of the App-related feedback were similar in 
the application distribution platforms and the social network platforms. 

When looking at the data analysis phase, the use of a PCI indicator [2, 8, 9] helps 
to filter the PCI effectively and scientifically. And I could claim that the Tweets did 
contain the PCI based on my result. Meanwhile, I also couldn’t deny that the App-
related Tweets are more scattered than the App-related reviews in App stores. 
However, it is hopefully to hence the recall and precision of the correlation of the 
collected Tweets by designing a good query string to filter the Tweets. 

Didn’t like the previous researches which suggested Twitter is a source for news, 
questions & answers, events, commercial, tips, opinion and job information [21] or 
advertisement and content [20]. My study showed when standing at the position of the 
product manager, information of the product context could be elicited. Even some 
Tweets were posted for marketing, those Tweets, in fact, expressed the information 
about the competing product and were valuable input for product positioning. 

The result of the content analysis showed the types of the elicited product context 
information and their distribution (Table 5.3). My collected tweets contain at least 15 
kinds of product context information. And the Tweets additionally offered information 
about industry, products, and supply that is important to position a product in the 
market, and is different from PCI elicited from the App Stores: “Bug report”, 
“Rating/Like”, “Feature request”, “Use case” [11, 12], and “complaints” [16]. Or I 
should say the PCI elicited from the two platforms have different emphasis and 
complement each other in the product context analysis area.  

For more understanding the difference of the feedback between the two platforms, 
another research which conducting product context analysis on the same Apps with 
different data sources is needed. 

Because there are hundreds and thousands of Tweets and Apps, what I have 
studied and presented here is just a small part of them, might be a best-case situation. 
Therefore, this is only a small step towards the understanding of eliciting PCI from the 
Twitter. More research is needed to apply the product context analysis with Twitter 
data in reality. 



 

  34 

7 CONCLUSION AND FUTURE WORK 
This is an exploratory study in eliciting product context information from the 

Tweets. The study ruled how to collect the App-related Tweets, and how to elicit the 
product context information from those collected Tweets. This method is proved to be 
valid by this research, it can be used on larger-scale researches in this area, and the 
study targets can be extended to the software product or even the product, while the 
source of data could be any platforms with large user feedbacks updating every day. 

The result of this research shows that it is possible for the product manager to 
elicit different kinds of product context information from the Tweets. Those kinds of 
product context information are not aligned to those could be elicited from the App 
stores, and they can to some extend complete the lack of eliciting product context 
information from the App stores for the product manager to do the product context 
analysis. 

To make this research more convincible, the future study should  
1. Conduct with the larger amount of data, 
2. Invite experts or product managers to evaluate the result of the content 

analysis, or directly join in the content analysis progress. 
3. Consider the missing confounding factors which were discussed in “Internal 

validity”.  
4. Try to find a better query string to filter the Tweets to make the collected 

Tweets more related to the analyzed product.  
5. Considering the Tweets are bias and noisy, the approach proposed by Barbosa, 

Luciano, and Junlan Feng [14] could be applied to filter the non-App-related 
Tweets. 

6. Due to the larger number of the collected Tweets, the automatic classification 
method of topic modeling [12, 13, 15, and 18] should be conducted. In those 
kinds of studies, the method proposed in this research could be used to 
generate the training data. 
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APPENDIX A: METADATA OF SELECTED APPS 
 

 
A 1 Selected Apps' metadata. Bold: Apps with at least 80 Tweets collected. Italics: 

Apps with 0 Tweets collected 

ThemeTheme  APPAPP  RankRank  CostCost  

Amount Amount 

of of 

TweetsTweets  

Books and 

Reference 
Bible Videos mediocre 0 15 

Books and 

Reference 
Hackers Handbook mediocre 6.99 35 

Books and 

Reference 
Moon+ Reader Pro top 4.99 64 

Books and Books and 

ReferenceReference  
Amazon KindleAmazon Kindle  toptop  00  8989  

Business Project viewer mediocre 4.99 4 

Business CamCard top 0.99 27 

Business Horizon Blue mediocre 0 66 

Business Square Register top 0 78 

Comics Friendly Zombies mediocre 0 6 

Comics ComicRack top 7.89 44 

Comics Marvel Comics top 0 49 

ComicsComics  ComicaComica  medmediocreiocre  1.991.99  100100  

Communication 
how to get free 

internet 
mediocre 0 10 

Communication talking Alarm Clock mediocre 0.99 31 

Communication Puffin Browser top 3.99 66 

CommunicationCommunication  SkypeSkype  toptop  00  100100  

Education Toca Lab top 2.99 3 

Education King of Math mediocre 1.99 11 

Education Ultimate Reading mediocre 0 18 

EducationEducation  ClassDojoClassDojo  toptop  00  100100  

Entertainment Elf Live mediocre 1.99 2 

Entertainment Talking Pocoyo mediocre 0 3 

Entertainment Scanner Radio top 2.99 60 

EntertainmentEntertainment  NetflixNetflix  toptop  00  100100  

Family Pango land mediocre 2.49 0 

Family Food puzzle for kids mediocre 0 0 

FamilyFamily  YouTube KidsYouTube Kids  toptop  00  100100  

FamilyFamily  Castle of IllusionCastle of Illusion  toptop  0.990.99  100100  

Finance My Poker Bankroll mediocre 1.99 1 

Finance Mvelopes Budget App mediocre 0 1 

Finance Checkbook Pro top 3.99 16 

FinFinanceance  VenmoVenmo  toptop  00  100100  

Games Ark of War mediocre 0 6 
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GamesGames  Unblock meUnblock me  mediocremediocre  0.990.99  100100  

GamesGames  Geometry DashGeometry Dash  toptop  1.991.99  100100  

GamesGames  Clash RoyaleClash Royale  toptop  00  100100  

Health and 

Fitness 
Weight Loss Tracker mediocre 0 13 

Health and Health and 

FitnessFitness  
Couch to 5K?Couch to 5K?  toptop  1.991.99  100100  

HeaHealth and lth and 

FitnessFitness  
FitbitFitbit  toptop  00  100100  

Health and Health and 

FitnessFitness  
7 Minute Workout7 Minute Workout  mediocremediocre  2.992.99  100100  

Libraries and 
Demo 

TagSpaces mediocre 5.99 0 

Libraries and 

Demo 
Cardboard Design Lab top 0 1 

Libraries and 

Demo 
Neocore mediocre 0 3 

Libraries and 

Demo 
Camera Block top 3.69 16 

Lifestyle PitaPata mediocre 1.99 0 

Lifestyle Hue Pro top 0.99 1 

Lifestyle My Cocktail Bar mediocre 0 5 

LifestyleLifestyle  Tinder appTinder app  toptop  00  100100  

Live Wallpaper Muzei Live Wallpaper mediocre 0 0 

Live Wallpaper Magic Fluids top 1.49 1 

Live Wallpaper MLB.com At Bat top 0 11 

Live Wallpaper Stellar Track mediocre 1.06 64 

Media and Video LiveTruck mediocre 3.94 10 

Media and Video Veetle mediocre 0 17 

Media and Video MX Player top 5.99 45 

Media and VideoMedia and Video  FlipagramFlipagram  toptop  00  100100  

Medical Contracker mediocre 0 0 

Medical ABG Simple mediocre 0.99 0 

Medical MommyMeds top 0.99 2 

Medical MyChart top 0 51 

Music and Audio MixZing Music Player mediocre 0 0 

Music and Audio iSyncr for iTunes top 4.99 7 

Music and AudioMusic and Audio  Spotify MusicSpotify Music  toptop  00  8383  

Music and AudioMusic and Audio  OldOldies Musicies Music  mediocremediocre  0.990.99  100100  

News and 

Magazines 
Fox News app top 0 4 

News and 

Magazines 
1 Radio News mediocre 0 5 

News and News and 

MagazinesMagazines  
WikiLeaksWikiLeaks  mediocremediocre  2.992.99  9797  

News and News and 

MagazinesMagazines  
Pocket CastsPocket Casts  toptop  3.993.99  100100  
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Personalization Buzz Widget mediocre 0 0 

Personalization Spellcaster FlipFont mediocre 0.99 0 

Personalization CM Launcher 3D top 0 10 

Personalization Live Icon Pack top 1.49 12 

Photography Bacon Camera mediocre 1.76 0 

Photography Krome Studio mediocre 0 44 

PhotographyPhotography  FacetuneFacetune  toptop  3.993.99  9898  

PhotogPhotographyraphy  Pic CollagePic Collage  toptop  00  100100  

Productive SIMS Pocket mediocre 14.99 0 

Productive MySolarCity mediocre 0 8 

Productive Swype Keyboard top 0.99 51 

ProductiveProductive  DropboxDropbox  toptop  00  100100  

Shopping Snapsale mediocre 0 2 

Shopping Food Finder mediocre 0.99 10 

ShoppingShopping  Barcode ScannerBarcode Scanner  toptop  0.990.99  100100  

ShoppingShopping  OfferUpOfferUp  toptop  00  100100  

Social HeyTell mediocre 0 6 

Social Lumiya top 2.95 9 

Social Tweepy mediocre 2.99 75 

SocialSocial  SnapchatSnapchat  toptop  00  100100  

Sports Surf Monitor mediocre 0.99 0 

Sports Strelok top 12.47 38 

SportsSports  SherdogSherdog  medmediocreiocre  00  100100  

SportsSports  WatchESPNWatchESPN  toptop  00  100100  

Tools Cube Timer mediocre 1.49 7 

Tools Helium app top 4.99 19 

Tools 360 Security top 0 61 

ToolsTools  AppLockAppLock  mediocremediocre  00  100100  

Transportation Deliv Driver mediocre 0 2 

Transportation CarHome top 3.99 10 

TransportationTransportation  Flight TrackerFlight Tracker  mediocremediocre  0.990.99  100100  

TransportationTransportation  UberUber  toptop  00  100100  

Travel and Local RestStopper mediocre 0.99 0 

Travel and Local ClueKeeper mediocre 0 5 

Travel and LocalTravel and Local  AirbnbAirbnb  toptop  00  100100  

Travel and LocalTravel and Local  Flightradar24Flightradar24  toptop  3.993.99  100100  

Weather MyForecast mediocre 1.62 0 

Weather KSDK Weather mediocre 0 1 

WeatherWeather  WeatherBugWeatherBug  toptop  00  100100  

WeatherWeather  RadarScopeRadarScope  toptop  9.999.99  100100  

Widgets RAM Manager Pro mediocre 5.68 1 

Widgets tasker app top 2.99 7 

WidgetsWidgets  GoToMeetingGoToMeeting  mediocremediocre  00  100100  

WidgetsWidgets  WhatsApp MessengerWhatsApp Messenger  toptop  00  100100  
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APPENDIX B: THE 3 TABLES FOR THE SELECTED 
APPS 

B1. Amazon Kindle 
 

B 1  Relevant information of "Amazon Kindle" 

 
 

B 2 Tweets Classifications of "Amazon Kindle" 

No. 
SPM 

strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt Tweet Example 

Keywords 
in the 
Tweet 

1 NULL NULL False 
positive 1 

Essential Oils for Sleep: 
How I Discovered The 

Wonder Of Essential Oils 
To Get A Good ... - 

https://t.co/Nw3sgkatM5  
#amazon #kindle 

NULL 

2 

Strategi
c 

Manag
ement 

Portfoli
o 

Manag
ement 

Related 
Entity 33 

Magnetic Auto Sleep 
Leather Cover Case For 

Amazon Kindle 
Paperwhite 1 2 6" Inch - 

Bid Now!m 
https://t.co/jh6bVB9FHf 
https://t.co/SuqPRNJUt0 

Auto Sleep 
Leather 
Cover 
Case 

 

3 
Product 
Strateg

y 

Product 
Positio

ning 

Customer 
Type or 

Attribute 
4 

97% off How To Become a 
Bestselling Author on 
Amazon Kindle. Use 

https://t.co/jUPp44iZPt to 
save. #author #writing 

https://t.co/FitnUwuCzS 

Bestselling 
author, 
author 

 

4 
Product 
Strateg

y 

Product 
Positio

ning 
Competitor 2 

Ouch! I'm a professional 
bookbinder. Book-shaped 

Kindles are just posers  
https://t.co/zVpqBtEFyC 

Bookbinde
r 

 

5 
Product 
Strateg

y 

Product 
Positio

ning 

Alternative 
Product 
Variant 

42 

Enter to win an Amazon 
Kindle Fire #giveaway 

#AprilShowers 
https://t.co/p97CFAB1eq 
https://t.co/14I0f4cTHs 

Kindle Fire 

 

6 
Product 
Strateg

y 

Product 
Positio

ning 
Platform 1 

Its $2.99 and works on all 
smartphone devices with 
the Amazon Kindle app. 
Check it out and i hope 

smartphon
e devices 
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you get something from it 
#narcabuse 

7 
Product 
Strateg

y 

Product 
Positio

ning 

User 
Experience 1 

The Amazon Kindle Oasis 
looks shockingly 

different::looks cool!  
https://t.co/l2dmsyWKzJ 

look cool, 
look 

shockingly 
different 

8 
Product 
Strateg

y 

Deliver
y 

Model 

Sales 
Channel 1 

Computer Shop #1091 > 
https://t.co/rTpPdWEUls 

Amazon Kindle 
PaperWhite 6" 300 PPI 

4GB Wi-Fi eBook eReader 
2015 Edim 

https://t.co/Vj9rZ3R8zg 

Computer 
Shop 

9 
Product 
Strateg

y 

Busines
s Case Use case 5 

Doing a photo shoot for 
my book 

#GodlessCircumcisions 
available on #amazon & 
#kindle #poetry #black 

#lgbtq #essays 
https://t.co/WAI89CnqAK 

Doing a 
photo 

shoot for a 
book 

 

10 
Product 
Strateg

y 
Pricing Sales 2 

92% off How To Become a 
Bestselling Author on 

Amazon Kindle: 
https://t.co/Nej0OmccZ8 ... 

#udemy #writer 

92% off 

11 
Product 
Strateg

y 

Ecosyst
em 

Manag
ement 

Content 12 

Ebook: Internet of Things 
(Innovation Trends Series) 
- https://t.co/PfwV19HzOL  

#amazon #kindle 

 

Ebook: 
Internet of 

Things 
(Innovatio
n Trends 
Series) 

 
B 3 PCI elicited from the Tweets filtered by "Amazon Kindle" 

NO. Self-defined 
Label All Keywords Amount 

1 Related Entity 

IQ shield Screen Protector,  Flip Folio Case 
Cover, Leather Case Cover, Paperwhite Case  
Cover, PU leather stand case folio cover, 
Protective Genuine Leather Cover, Auto Sleep 
Leather Cover Case 

7 

2 Customer Type or 
Attribute Bestselling author, writer, Rich enough, author  4 

3 Competitor Bookbinder 1 

4 Alternative 
Product Variant 

 new Kindle, Kindle Fire, Kindle Fire HDX, 
Kindle Fire HD 6", Book-shaped Kindle, Kindle 
PaperWhite 6",Kindle Voyage, Kindle Fire HD 
8.9, Kindle Fire 7", Kindle Fire 1st Gen, Kindle 
Fire HD 6, Kindle Fire HD 7", Kindle Oasis   

13 
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5 Platform Smartphone 1 

6 User Experience Look cool, look shockingly different 2 

7 Sales Channel Computer Shop 1 

8 Use case Doing a photo shoot for a book, Check it out, get 
something from it, Gift, Read book , Read 6 

9 Sales 92% off, 97% off 2 

10 Content Book, eBook 2 

In total 39 

B2. Skype 
 

B 4 Relevant information of "Skype" 

 
 

B 5 Tweets Classification of “Skype" 

No. 
SPM 

strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt Tweet Example 

Keywords 
in the 
Tweet 

1 NULL NULL False 
positive 14 

@Poppy101212 
@_DatAceGamer_  No, I 
don't think he has skype... 

NULL 

2 
Product 
Strateg

y 

Product 
Positio

ning 

Customer 
type 7 

I'm online now on 
@Skyprivate (live skype 

show). my private profile: 
https://t.co/hj9ALO8TWQ 

#camgirl 
https://t.co/XnbklKsqq5 

camgirl 

3 
Product 
Strateg

y 

Product 
Positio

ning 

Partner 

 
8 

@gcaweir hah, i 
disconnected my skype 

account, and i can't delete 
the Skype birthdays in 

outlook calendar, so i can 
only hide them. 

outlook 
calerdar 

4 
Product 
Strateg

y 

Product 
Positio

ning 
Competitor 12 If the skype app is trash, 

phone is coming back phone 

5 
Product 
Strateg

y 

Product 
Positio

ning 

User 
Experience 5 

@DJDanieldKDJ there 
are so many people with 
your name on skype lol.. 
can’t find ya lets follow 
eachother send private 

mail... 

can’t find. 
so many 
people 

with your 
name 

6 Product 
Strateg

Product 
Definiti

Element 6 @tomislavartz whatsyour 
skype name? 

skype 
name 
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y on 

7 
Product 
Strateg

y 

Busines
s Case Use case 62 

apple needs to have 3way 
FaceTime already.. look at 
how good of a job Skype is 

doing with video 
conferences 

video 
conference

s 

8 
Product 
Strateg

y 

Busines
s Case Business 3 

A VC who made $200 
million when Skype was 
acquired explains why 
Israel has become the 

'Startup Nation' 
https://t.co/ilE4rco3cm 

VC, made 
$200 

million 
when 

Skype was 
acquired 

9 
Product 
Strateg

y 
Pricing Sales 2 

Skype Goes Plugin Free on 
Microsoft Edge - SuperSite 

for Windows #microsoft 
https://t.co/oEo4SoEtfp 

Plugin 
Free 

 
B 6 PCI elicited from the Tweets filtered by "Skype" 

NO. Self-defined 
Label All Keywords Amount 

1 Customer type stunners, everyone, VC(venture capital), famous 
player, camgirl, familia people 7 

2 
Partner 

 

Microsoft, Windows, Outlook calendar, cloud 
based system, dota2, Nokia, Smart TV, Paypal 8 

3 Competitor fake Skype, party, Telegram, kik, Snapchat, 
phone, Facetime, twitter, Netflix, whatsapp 10 

4 User Experience 
hate, want to become a patron, can’t find caz so 

many people with your name, got stuck on skype 
call, how good of job. 

5 

5 Element contact on Skype, Skype name, Skype Id, Skype 
list, Skype message, Skype show, Skype group 7 

6 Use case 

make a skype, response, dm, rinse me, IP 
resolve, fancy some fun, call, disconnect Skype 
account, delete Skype birthday, cam, yell in a 
skype convo, Skype interception, face-to-face, 

comment, add, having a skype group, video 
conferences 

18 

7 Business made $200 million when skype was acquired, 
invest 2 

8 Sales Free plugin, Plugin-free 2 

In total 59 
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B3. Geometry Dash 
 

B 7 Relevant information of "Geometry Dash" 

 
 

B 8 Tweets Classification of “Geometry Dash" 

No. 
SPM 
strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt 

Tweet Example 
Keywords 
in the 
Tweet 

1 NULL NULL 
False 
Positive 

14 
https://t.co/GR6qNtY1cU 
tonight, we dine in 
GEOMETRY DASH! 

NULL 

2 
Product 
Strateg
y 

Product 
Positio
ning 

Customer 
Type 

2 

Just got a sudden rush of 
HYPE for Nationals. Also, 
Geometry dash vid going 

up soon 

Nationals 

3 
Product 
Strateg
y 

Product 
Positio
ning 

Partner 39 

I liked a @YouTube video 
https://t.co/tFjoB7O9SQ 
Geometry Dash | 

SPACELOCKED (Demon) 
by LaserBlitz ~ MY 
WORST FAIL YET 

YouTube 

4 
Product 
Strateg
y 

Product 
Positio
ning 

Competitor 2 

Descarga Geometry Dash 
y Minecraft pe 0.14.0 | 
TUTORIALES ANDROID 
by CraftDashGames 1558 
https://t.co/hxFVcLqzxK 

Minecraft, 
CraftDash
Games 

5 
Product 
Strateg
y 

Product 
Positio
ning 

Platform 15 

Descarga Geometry Dash 
y Minecraft pe 0.14.0 | 
TUTORIALES ANDROID 
by CraftDashGames 1558 
https://t.co/hxFVcLqzxK 

ANDROI
D 

6 
Product 
Strateg
y 

Product 
Positio
ning 

Alternative 
Product 
Variant 

22 

I liked a @YouTube video 
https://t.co/zb0YTfLEq9 
Geometry Dash 2.1 
SECRETS REVEALED! 
(Trailer Analysis) 

Geometry 
Dash 2.1 

7 
Product 
Strateg
y 

Product 
Positio
ning 

User 
Experience 

10 
@catlinman_ you made me 
look up Geometry Dash 
and now I'm addicted 

addicted 

8 
Product 
Strateg
y 

Product 
Definiti
on 

Element 1 

https://t.co/qe2rOHQlQo 
Geometry Dash: Blast 
processing(All 
Coins)100% 

Coins 

9 Product 
Deliver
y 

Sales 
Channel 

3 Geometry Dash Lite 2.10 APK 
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Strateg
y 

Model APK Download  
https://t.co/SpUxcn2c5l 

#APKupdate 
#APK_update 

Download 

10 
Product 
Strateg
y 

Pricing Sale 9 

United Kingdom Game 
Paid 12. Geometry Dash - 
RobTop Games AB  
https://t.co/jYhWi3zA8b  
#iPhone  #apple  4232 

 United 
Kindom, 
Paid 

 
B 9 PCI elicited from the Tweets filtered by "Geometry Dash" 

NO. 
Self-defined 
Label 

All Keywords Amount 

1 Customer Type Nationals, Writers 2 

2 Partner YouTube 1 

3 Competitor CraftDashGames, Minecraft, Lord Hunter 3 

4 Platform 
Android, Ditched Machine, iPhone, phone, iPad, 

Steam, Windows 
7 

5 
Alternative 
Product Variant 

Customer fan made, Geometry Dash 2.0, 
Geometry Dash 2.1, Geometry Dash Beggining 
of Time, Geometry dash deadlocked custom 

level, Geometry Dash Hack, Geometry Dash Lite 
2.10, Geometry Dash Meltdown, Geometry Dash 
parate 3, Geometry Dash Synergy, Geotry Dash 
by Fabilio, Geotry Dash by Jek, Geotry Dash by 
SuperK2, Geotry Dash Online, old mod, 

Polargeist v2 

16 

6 User Experience 
addicted, cheer me up, “Die, Die, Die”, I am so 
bad at this game, “Is his level posible?”, makes 
me super interested in, replay, So hard 

8 

7 Element Coins 1 

8 Sales Channel Apk Download, download, RobTop Games AB 3 

9 Sale Paid, United Kingdom, Spain, Germany, France 5 

In total 46 

B4. ClassDojo 
 

B 10 Relevant information of "ClassDojo" 
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B 11 Tweets Classification of “ClassDojo" 

No. 
SPM 

strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt Tweet Example 

Keywords 
in the 
Tweet 

1 NULL NULL False 
Positive 12 

??EduCelebs?? ??If ppl 
try to kill a T?? that is 
called a CULT not a 

company or a community.  
#ClassDojo #CAedchat 

https://t.co/aMAPmekqKW 

NULL 

2 
Product 
Strateg

y 

Product 
Positio

ning 

User 
experience 17 

Congrats to @ClassDojo 
on their recent Series B 

round!  Well-deserved for a 
company that's doing great 

things. 
https://t.co/6kNRK23Mtm 

doing great 
things 

3 
Product 
Strateg

y 

Product 
Positio

ning 

Type of 
Customer 71 

#Tech ClassDojo raises 
$21 million for app to 
make parent-teacher 

meetings obsolete 
https://t.co/5U5gcK2ZP4 

#Startup 

parent, 
teacher 

4 
Product 
Strateg

y 

Product 
Positio

ning 
Competitor 64 

@lars3eb @TechCrunch 
@ClassDojo But when it's 

framed as "replace" I 
shudder. As a former 

teacher and as a dad, I 
believe in f2f conferences 

f2f 
conference

s 

5 
Product 
Strateg

y 

Product 
Positio

ning 

Alternative 
Product 
Variant 

1 

@KentPekel 
@HuffPostEdu VERY nice 

writeup Kent,  
@ClassDojo has a student 

friendly version of 
@Brainology 's growth 
mindset in video form 

student 
friendly 
version 

6 

 

Product 
Strateg

y 

Product 
Definiti

on 
Element 4 

The second video series on 
#GrowthMindset from 

@ClassDojo has just been 
released. Find the first two 

chapters here: 
https://t.co/K4jizWqoIc 

video 
series on 

#GrowthM
indset 

7 
Product 
Strateg

y 

Busines
s Case Use case 1 

I love getting updates from 
my child’s teacher through 
ClassDojo! Take a look at 

this great, free app!  
https://t.co/qvBx3ueEor 

getting 
updates 

8 
Product 
Strateg

y 
Pricing Sales 2 

Congrats @ClassDojo we 
love you. We are waiting 
for your service in India 

too. 

India 
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B 12 PCI elicited from the Tweets filtered by "ClassDojo" 

NO. 
Self-defined 
Label 

All Keywords Amount 

1 User experience 

improve school attendance the easy way, 
Attempted murder, Awesome, congratulations, 
doing great things, high-tech, Next level, nice, 
spoken so highly, The easiest way to learn math, 
“we love you, waiting for your service” 

12 

2 Type of Customer India, Kids, Teacher, parents 4 

3 Competitor 
Communication, f2f conferences, parent-teacher 
meeting, parent-teacher conference, social 
media, text, reminder, relationship 

8 

4 
Alternative 
Product Variant 

student friendly version 1 

5 Element 
Brainology 's growth mindset in video form, 

Community 
2 

6 Use case get updates 1 

7 Sales free, India 2 

In total 30 

B5. Netflix 
  

B 13 Relevant information of "Netflix" 

 
 

B 14 Tweets Classification of “Netflix" 

No. 
SPM 
strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt 

Tweet Example 
Keywords 
in the 
Tweet 

1 NULL NULL 
False 
Positive 

35 
Netflix & blow your back 

out ? 
NULL 

2 
Product 
Strateg
y 

Product 
Positio
ning 

User 
experience 

17 
I'm watching Netflix and 
about to enjoy this 
beautiful Saturday. 

enjoy 

3 
Product 
Strateg
y 

Product 
Positio
ning 

User 
request 

1 
Hey @netflix, can we get a 
second season of F is for 

Family? 

can we get 
a second 
season of F 
is for 
Family? 

4 Product 
Strateg

Product 
Positio

platform 2 
i've netflix on my phone 
tho .,, im so hopeless 

phone 
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y ning 

5 
Product 
Strateg
y 

Busines
s Case 

Use Case 20 

After a day at work,I'm all 
ready in bed watching 
Netflix with a hot drink 
and eating chocolate,and 
to top it off a day off work 

tomorrow ???? 

in bed and 
watch 

6 
Product 
Strateg
y 

Ecosyst
em 
Manag
ement 

Content 30 

Binge-watching a 
documentary on the 60's 
on Netflix. How much of a 

geek am I? 

documenta
ry 

 
B 15 PCI elicited from the Tweets filtered by "Netflix" 

NO. 
Self-defined 
Label 

All Keywords Amount 

1 User experience 
Chill, enjoy, god send, hooked, joy, miracle, not 
make me laugh, shit, silently judging your watch 
history, Thank you, why ask you every two hours 

11 

2 User request can we get a second season of F is for Family 1 

3 platform iPad, phone 2 

4 Use Case lay in bed and watch, see the show, share 3 

5 Content 

"The Sixties", “All Stars Battle Royale”, 
“Crouching Tiger, Hidden Dragon: Sword...”, 
Documentary, film, GREASE LIVE, ‘Hackers”,  
“How to get away with murder season 2”, 
“HTGAWM SEASON 2”, “Justice League”, 

movie, sad movie, Netflix show 

12 

In total 29 

B6. Venmo 
 

B 16 Relevant information of "Venmo" 

 
 

B 17 Tweets Classification of “Venmo" 

No. 
SPM 
strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt 

Tweet Example 
Keywords 
in the 
Tweet 

1 NULL NULL 
False 
Positive 

21 

Rockin' that hot Venmo 
swag. Shout out to 
@patrickstankard and 
Julian @ Durham, North 

Carolina 

NULL 
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https://t.co/jC0sOtCEjW 

2 

Strategi
c 
Manag
ement 

Portfoli
o 
Manag
ement 

Related 
entity 2 

I need to make my mom a 
venmo so she can stop 

looking in my bank 
account ?? 

Bank 

3 
Product 
Strateg

y 

Product 
Positio

ning 
Competitor 24 

@ZeaKMaliK I got them 
over whoever. I take 

venmo, square cash, and 
pay pal. 

https://t.co/0dvuLuJgN2 

square 
cash, pay 

pal. 

4 
Product 
Strateg

y 

Product 
Positio

ning 

User 
Experience 9 Venmo a good app for 

payments good app 

5 
Product 
Strateg

y 

Product 
Positio

ning 

User 
request 1 Venmo would be so lit if it 

were an instant transaction 
instant 

transaction 

6 
Product 
Strateg

y 

Product 
Positio

ning 

Type of 
Customer 5 

SUPER SATURDAY 
SPECIAL:  $50 FOR THE 

SUPER LOCK TODAY.   
PayPal: 

alexwilsonwindows@gmai
l.com "Goods n services" 
Venmo: Alexander-wilson-

9 

lock seller 

7 
Product 
Strateg

y 

Product 
Definiti

on 
Element 10 

@iampedder does the 
person receiving the 

money need to have an 
account(venmo)? 

account 

8 
Product 
Strateg

y 

Busines
s Case Use Case 38 

Who here's got a lead 
thumb on that venmo 

charge function?! 
charge 

 
B 18 PCI elicited from the Tweets filtered by "Venmo" 

NO. Self-defined 
Label All Keywords Amount 

1 Related entity Bank 1 

2 Competitor 

Cash App, Chase Freedom, debit card, Facebook, 
Apple Pay, Google Pay, Google wallet, Twitter, 

Moneygram, PayPal, social media, Square, 
Chase QuickPay 

13 

3 User Experience 
Awesome, better, comfortable, give me FOMO, 
good app, not-well-thought-out, forget you have 

money in venom, fun 
8 

4 User request instant transaction 1 

5 Type of Customer Aggies, card seller, drug dealers, farmer market, 
Heather Grey seller, invester, Lock seller, ppa, 

9 
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youngsters 

6 Element 
account, description, electronic tickets, follower, 
profile picture, transaction, Venmo feed, Venmo 

usernames 
8 

7 Use Case 

accept venmo transaction, block me, charge, 
check, get payments, give money, hit me back, 
Pay and Get Paid, look at my Venmo balance, 
transfer to the bank, read the Venmo newsfeed, 
receive money, request money, shoot me your 

venom, venom me,  

15 

In total 55 

B7. Flight Tracker 
 

B 19 Relevant information of "Flight Tracker" 

 
  

B 20 Tweets Classification of “Flight Tracker" 

No. 
SPM 
strateg
y 

SPM 
activity 

Self-
defined 
Label 

Amo
unt 

Tweet Example 
Keywords 
in the 
Tweet 

1 NULL NULL 
False 
Positive 

57 
https://t.co/X1yy8MuBc6 - 
Live flight tracker! 

https://t.co/D9nJQme10s 
NULL 

2 NULL NULL Bug report 2 

@easyJet hi Ari, we did 
use your flight tracker but 
it erroneously stated flight 
would land at North, 
whereas GAL web was 
right to say South 

erroneousl
y stated 

3 
Product 
Strateg
y 

Product 
Positio
ning 

User 
experienc
e 

3 

@BBC5livesport Mark 
Chapman, I love the line 
on the flight tracker.  
Haha. John don't you 
worry, you can still catch 
up on snapchat. 

love 

4 
Product 
Strateg
y 

Product 
Positio
ning 

Platform 12 

Spain Paid 15. 
Flightradar24 - Flight 
Tracker - Flightradar24 

AB  
https://t.co/3RCQrO0SOr  
#iPhone  #apple  4061 

iPhone 

5 
Product 
Strateg
y 

Pricing Sales 22 

Australia Paid 22. 
Flightradar24 - Flight 
Tracker - Flightradar24 

AB  

Australia 
Paid 
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https://t.co/sBXjxYpk6Y  
#iPhone  #apple  7622 

6 
Product 
Strateg
y 

Busines
s case 

Use Case 15 

@danjones1989 Hi 
Daniel, sorry we didn't 
reach you on time. You can 
check the updates on your 

flight here: 
https://t.co/3XXnDJeMpO 

Iwona 

Check the 
updates 

 
B 21 PCI elicited from the Tweets filtered by "Flight Tracker" 

NO. 
Self-defined 
Label 

All Keywords Amount 

1 Bug report erroneously stated, Map might be wrong 2 

2 User experience Awesome, cool, love 3 

3 Platform iPhone, phone 2 

4 Sales 
Australia, Paid, Germany, France, United 

Kingdom, Spain 
6 

5 Use Case 
check the status, check the update info, 

notification,  
3 

In total 16 
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