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Abstract—In recent years, bike-sharing systems have been widely deployed in many big cities, which provide an economical and 

healthy lifestyle. With the prevalence of bike-sharing systems, a lot of companies join the bike-sharing market, leading to increasingly 

fierce competition. To be competitive, bike-sharing companies and app developers need to make strategic decisions and predict the 

popularity of bike-sharing apps. However, existing works mostly focus on predicting the popularity of a single app, the popularity 

contest among different apps has not been explored yet. In this paper, we aim to forecast the popularity contest between Mobike and 

Ofo, two most popular bike-sharing apps in China. We develop, a system to predict the popularity contest among bike-sharing apps 

leveraging multi-source data. We extract two novel types of features: coarse-grained and fine-grained competitive features, and 

utilize Random Forest model to forecast the future competitiveness. In addition, we view mobile apps competition as a long-term 

event and generate the event storyline to enrich our competitive analysis. We collect data about two bike-sharing apps and two food 

ordering & delivery apps from 11 app stores and Sina Weibo, implement extensive experimental studies, and the results demonstrate 

the effectiveness and generality of our approach. 

 
Index Terms—Bike-sharing app, mobile app, popularity prediction, competitive analysis, event storyline. 
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1 INTRODUCTION 

N recent years, shared transportation has grown tremen- 
dously, which provides us an economical and  healthy 
lifestyle. Among the various forms of shared transportation, 
public bike-sharing systems [1], [2], [3] have been widely 
deployed in many metropolitan areas such as New York 
City in the US and Beijing in China. A bike-sharing system 
provides short-term bike rental service with many bicycle 
stations distributed in a city [4]. A user can rent a bike at a 
nearby bike station, and return it at another bike station 
near his/her destination. The worldwide prevalence of bike- 
sharing systems has inspired lots of active research, address- 
ing interesting topics such as bike demand prediction [5], 
[6], [7], [8], bike rebalancing optimization [4], [9] and bike 
lanes planning [10]. 

More recently, station-less bicycle-sharing systems are 
becoming the mainstream in many big cities in China such 
as Beijing and Shanghai. Mobike1 and Ofo2 are two most 
popular station-less bicycle-sharing systems. Unlike tradi- 
tional public bike-sharing systems, station-less bike sharing 
systems aim to solve “the last one mile” issue for users. 
Using the Mobike/Ofo mobile app, users can search and 
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unlock nearby bikes from Mobike/Ofo. When users arrive 
at their destinations, they do not have to return the bikes   
to the designated bike station. Instead, they can park the 
bicycles at a location more convenient for them. Therefore, 
it is easier for users to rent and return bikes than traditional 
bike-sharing systems. 

As bike-sharing apps become increasingly popular, a lot 
of companies join the market, leading to fierce competition. 
To thrive in this competitive market, it is vital for bike- 
sharing companies and app developers to understand their 
competitors, and then make strategic decisions [11] for mo- 
bile app development and evolution [12], [13], [14]. There- 
fore, it is significant and necessary to predict and compare 
the future popularity of different bike-sharing apps. 

With the rapid development of mobile social media, 
more and more users can contribute valuable data  [15], 
[16], [17], [18], and data from multiple sources can bring 
multi-dimensional and rich information about bike-sharing 
apps. When users download and install a mobile app, they 
may submit user experience to the app store  [19],  [20],  
[21]. Specifically, users may upload their requirements (e.g. 
functional requirements), preferences (e.g. UI preferences) 
or sentiment (e.g. positive, negative) through reviews, as 
well as their satisfaction level through ratings. Therefore, the 
app store data can reflect users’ online experience with the 
app. Online social media is another way to share the user 
experience of a mobile app. When users actually use the 
bike, they may share the ride experience on social media. 
Specifically, users may record the feeling of the ride, the 
advantages and disadvantages of the bike/system, or the 
comparison with other bikes/systems. Therefore, the mi- 
croblogging data can reflect users’ offline experiences with 
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respect to the bikes/system. Both users’ online and offline 
experience will affect the popularity of the apps, thereby 
affecting their popularity contest outcome. Therefore, app 
store data and microblogging data are complementary, and 
can describe a mobile app from different perspectives. In 
this paper, we study the problem of competitive analysis 
and popularity prediction of bike-sharing apps using both 
app store and microblogging data. 

To the best of our knowledge, the problem of predict- ing 
the competitiveness of mobile apps has not been well 
investigated in the literature. There are several challenging 
questions to be answered. First, how to forecast the popu- 
larity contest of bike-sharing apps? Second, how to extract 
effective features to characterize the contest of bike-sharing 
apps from multi-source data? Last, how to generate the 
event storyline to provide competitive analysis and present 
the results of the popularity contest of bike-sharing apps? 

To answer these questions, we propose CompetitiveBike, 
a system that predicts the outcomes of the popularity contest 
among bike-sharing apps leveraging app store data and 
microblogging data, and then generates the event storyline 
of the contest. We first obtain app descriptive statistics and 
sentiment information from app store data, and descriptive 
statistics and comparative information from microblogging 
data. Using these data, we extract both coarse-grained and 
fine-grained competitive features, we then train a regression 
model to predict the outcomes of popularity contest. We 
finally generate the event storyline to provide competitive 
analysis and present the popularity contest. In summary, we 
make the following contributions. 

(1) This work is the first to study the problem of compet- 
itive analysis and popularity contest of bike-sharing apps. 
We use two indicators for the comparison: i) competitive 
relationship to indicate which app is more popular; and 
ii) competitive intensity to measure the popularity gap 
between the two apps/systems. 

(2) To predict popularity contest, we extract features 
from different aspects including inherent descriptive infor- 
mation of apps, users’ sentiment, and comparative opinions. 
With this information, we further extract two novel features: 
coarse-grained and fine-grained competitive features, and 
choose Random Forest algorithm for prediction. 

(3) To provide competitive analysis, we utilize topic 
model to analyze the topics in competing apps, and apply 
the minimum-weight dominating algorithm to select rep- 
resentative microblogs. We also generate event storyline to 
present and visualize the popularity contest. 

(4) To evaluate CompetitiveBike, we collect data about 
Mobike and Ofo from 11 mobile app stores and Sina Weibo. 
With the data collected, we conduct extensive experiments 
from different perspectives. We find that the Random Forest 
model performs well on competitive relationship prediction 
(the Accuracy is 71.4%) as well as competitive intensity 
prediction (the RMSE is 0.1886). A combination of the 
coarse-grained and fine-grained competitive features im- 
proves performance in popularity contest prediction, and    
a combination of data from app store and microblogging 
also improves performance in popularity contest prediction. 
Besides, we collect data about two mobile food ordering     
& delivery apps, the results with extensive experiments 
demonstrate the effectiveness and generality of our method. 

2  EVENT STORYL INE GENERATION 

In order to provide analysis for mobile apps, we view the 
mobile apps competition as a long-term event, and generate 
the event storyline and present descriptive information 
regarding popularity contest to enrich our com- petitive 
analysis. 
 
2.1  Event Summarization 

In general, the textual content of microblogs can describe 
the competition between Mobike and Ofo. To explore fine- 
grained event storyline of the mobile apps competition, we 
divide the timeline into several time windows with one 
week as a time window. In each time window, there may be 
several topics involved with each topic reporting a different 
aspect of the event. It is hard to distinguish different topics 
and track the development of the event. In order to clearly 
understand the event, microblogs referring to different top- 
ics of the event should be separated. Therefore, we utilize 
LDA (Latent Dirichlet Allocation) [38] to extract topics in 
each time window. 

Generally, there are redundant textual contents in each 
topic. To reduce redundancy, we select representative mi- 
croblogs to facilitate storyline presentation and easy read- 
ing, and use the dominating set algorithm (DS) [39] to select 
representative microblogs. A subset of vertices in a graph   
is called a dominating set if every vertex in the graph is 
contained in the set or has a neighbor in it. The minimum- 
weight dominating set is the dominating set with minimum 
weight. In our problem, the microblogs weighted by TF- 
IDF are connected as a graph based on textual similarity    
α, and the dominating set represents the set of important 
microblogs in the  graph.  Selecting  important  microblogs 
is an NP-hard problem and we employ a greedy method 
[39] to attain a near-optimal solution. Finally, we select the 
representative microblogs to generate the event storyline. 

 

2.2  Popularity Contest Visualization 

The selected representative microblogs can provide compet- 
itive analysis about the popularity contest, and we generate 
the event storyline [40] to present the popularity contest. 
Figure 3 presents the event storyline of the competition 
between Mobike and Ofo. The top left figure shows the 
curve of competition over Mobike and Ofo, which is weekly 
recorded on the timeline. The word cloud in the bottom   
left corner presents the hot topics at the particular time 
instant shown in the top left figure. The right figure presents 
the event storyline, which provides the content, released 
timestamp and url for users to explore the eve
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3   PERFORMANCE EVALUATION  

3.1   Experimental Setup 

The performance of CompetitiveBike is evaluated from the following aspects: 1) popularity contest prediction, whether the 
multi-source data and the extracted features can result in better performance on popularity contest prediction in 
comparison with baseline methods; 2) storyline generation, whether the generated event storyline can present the com- 
petition evolution and support competitive analysis. 

3.2  Discussion 

We next discuss the research findings from this work and potential future directions to improve this work. 
COMPETITIVE  Analysis  and  Popularity  Prediction.  This work measures competitiveness among mobile apps based on 

the number of downloads. However, competitiveness is related  to  many  different  aspects.  The  classical  economic 
theories on competitive analysis [43], [44] can be leveraged to  enrich  our  system  framework.  Furthermore,  we  may 
also consider other competitiveness-related factors that are specific to mobile apps, such as app ranking in app stores. 

Multi-Source Data Fusion. We use a combination of app store data and microblog data for competitive analysis and 
prediction of bike-sharing apps. In fact, the bike sharing sys- tem can be regarded as a cyber-physical-social system, so it is 
also important to consider more spatial-temporal features in learning [45], and the real-world operation data (e.g., daily 
usage, profitability). Besides  the  download  records of bike-sharing apps, real-world operation data can also characterize 
the popularity of the bike-sharing systems from different aspects, and all of these indicators are critical to the 

 

 

TABLE 9 
An example of representative microblogs 

 

Week Microblogs 
2017-02-24 09:54:12, There is a battle in bike-sharing apps. On February 22, Ofo announced that it 
will cooperate with China Telecom and Huawei to improve the the experience of bicycles. While, 
on February 23, Mobike has announced to cooperate with WeChat. 
2017-02-20 14:28:00, In the efforts of enterprises and investors, the users of bike-sharing apps has 
jumped to nearly 20 million in 2016, especially of Ofo and Mobike. Currently, Ofo and Mobike are 

  the two leading companies in bike-sharing system.  
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TABLE 10 
RMSE of Different Algorithms 

TABLE 11 
RMSE of Different Features 

TABLE 12 
RMSE of Different Data Sources 

 
 

 

Last SVR RF 
   0.1653 0.1400 0.1331  

 
 

CF FF CF+FF 
   0.1421 0.1373 0.1331  

 
 

      AF MF AF+MF  
   0.1354 0.1429 0.1331  

 

 

 
real-world operation data 
Prediction Model. As the 
competition among mobile apps is a 
dynamic and evolutionary process, 
the popularity contest prediction of 
mobile apps can be regarded as a 
se- quence prediction problem. 

Taking the Mobike and Ofo for example, their own popularity 
can be represented as a se- quence. There may exist complex 
interactions (or couplings) between the two sequences [46], 
[47], i.e., competitive cou- plings, which will be affected by 
both current and historical
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success of the bike-sharing systems. Though existing bike- 
sharing apps do not provide public interfaces to retrieve 
bike trajectory data, we may refer to geo-tagged microblog 
posts to understand real-world human interaction with 
shared bikes. In the future work, we will seek collaboration 
with the bike-sharing companies to obtain more real-world 
operation data (e.g., daily usage, bike trajectory), and im- 
prove the design and evaluation of our approach. 

COMPETITIVE  Feature  Extraction. Different categories of 
features are defined for app contest prediction and they are 
proved  useful  in  the  experiments.  In  the  future  work,  we 
plan to explore new features that are related to competitive 
analysis and prediction. For example, the information in the 
app stores (e.g., app ranking, topics and opinions extracted 
from  reviews),  the  inherent  attributes  of  apps  (e.g.,  cate- 
gories,  permissions,  functions,  quality),  the  influence  and 
reputation of the app developers, and the spatial-temporal 
features  (e.g.,  daily  usage,  bike  trajectory)  extracted  from 

observations (i.e., the competitive features 
mentioned in this paper). To capture the complex 
interactions between the popularity sequences, in the 
future work, we will consider the following possible 
approaches. 

The Hidden Markov Model (HMM) [48] is often used 
for sequence modeling. However, the HMM can only be 
used for single sequence modeling, it cannot model the 
complex interactions (i.e., competition) between the above 
two popularity sequences [46]. To capture the complex 
interactions, the Coupled Hidden Markov Model (CHMM) 
[46],  [49]  can be applied to model the competitive 
coupling between the two popularity sequences. The 
CHMM consists of two coupled chains of HMMs 
representing different popularity sequences, in which the 
state of any chain of the HMM at time t depends not only 
on the state of its own chain, but also on the states of other 

chain of the HMM at time t 1, namely the interaction 
between two popularity sequences.

  

4     CONCLUSION 

In this paper, we focus on the problem of competitive anal- 
ysis and popularity prediction over Mobike and Ofo. We 
propose CompetitiveBike to predict the popularity contest 
between Mobike and Ofo leveraging app store data and 
microblogging data. Specifically, we first extract features 
from different perspectives including the inherent descrip- 
tive information of apps, users’ sentiment, and comparative 
opinions. With this information, we further extract two sets 
of novel features: coarse-grained and fine-grained compet- 
itive features. Finally, we generate the event storyline to 
provide competitive analysis and present the popularity 
contest. We collect data about two bike-sharing apps and 
two food ordering & delivery apps from 11 mobile app 
stores and Sina Weibo, implement extensive experimental 
studies, and the results demonstrate the effectiveness and 
generality of our approach. 
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