
Ⅰ. Introduction

The mobile application market has shown strong 
growth over the past years and this trend is expected 
to accelerate for the next decade. Statistics show that 
the number of applications available in each of the 
Apple App Store and Google Play is over 1.3 million 
as of September, 2014.1) The growth of the mobile 

1) http://en.wikipedia.org/wiki/App_Store_(iOS); 
http://en.wikipedia. org/wiki/Google_Play 

application market is largely driven by the progress 
of mobile Internet technology and the improvement 
of user interface of mobile devices. Enlarged band-
width and advances in relevant encoding technology 
have made mobile application downloads faster and 
cheaper. With easy-to-use interface facilitating en-
hanced user experience, the penetration of new mo-
bile devices is boosting the mobile application market 
as well. 

Given that critical utility from mobile devices are 
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from the applications that users can choose and install 
(Han et al., 2013; Jung and Hong, 2014), under-
standing users’ adoption of the applications is becom-
ing essential for business players in the mobile appli-
cation market such as network operators, application 
developers, application market-makers, and mobile 
marketers. Application download is a major revenue 
source for application developers and market-makers. 
Mobile marketers could also effectively build their 
customer base by making users download their appli-
cations (Vatanparast, 2009). Further, understanding 
user application download behavior could generate 
implications for network operators that provide users 
with access infrastructures and channels for the 
applications.

In this study, we empirically examine users’ ex-
tended application download with a focus on the 
role of application rank. Extended application down-
load refers to an additional application download 
in the category that they have already downloaded.2) 
For example, you could download a new mobile game, 
although you already have a mobile game installed 
in your mobile device. In this case, the new download 
would be an extended download. Each application 
download could be classified into either the initial 
download in an app category or an extended down-
load in the category.

Mobile users are already using a variety of mobile 
applications across categories, and therefore, most 
of their new application downloads would be ex-
tended application downloads. Further, the extended 
application download might lead to the substitution 
of an application already installed in their mobile 
devices or the synergy between the existing and new 

2) Mobile applications are classified into several categories by 
the app store, based on similarity in function or purpose 
of applications (e.g., game, location/traffic, etc.) and those 
categories are exposed to users.    

applications. An additional game application down-
load, for example, could reduce the playing time 
of the game application already installed, while the 
MS-Excel application download could bring a synergy 
with the MS-Word application. Therefore, under-
standing users’ extended application download be-
haviors would be crucial for mobile application devel-
opers and marketers who are interested in the promo-
tion of a new application or the usage of their current 
applications. Lastly, although extended downloads 
have not been the focus in previous ranking studies, 
extended downloads could be subject to distinctive 
ranking effects and might need to be differentiated 
from initial downloads as a user has already experi-
enced downloading and using a popular application 
in the same category, which we will show later. 

There are theoretical and methodological factors 
characterizing mobile application download unique 
from the case of software download to PC. First, 
it has been suggested that the mobile channel and 
the PC channel are different in their search capa-
bilities because the mobile channel has a disadvantage 
in usability incurred by constraints in mobile devices 
(e.g., small screens) and mobile networks (e.g., low 
bandwidth) (Bang et al., 2013; Ghose et al., 2012; 
Zhang, 2007). Specifically, compared to the PC chan-
nel, the mobile channel offers a limited information 
search capability, which implies higher search costs 
and thus could affect choices of goods (Bang et al., 
2013). In their empirical study of a microblogging 
site, Ghose et al. (2012) suggest that ranking effects 
are higher on mobile phones than on PCs by showing 
that messages near the top of the screen receive more 
clicks from users and this relationship is stronger 
for mobile users than PC users because of higher 
search costs. Their data and research context of mi-
croblogging involve content consumption without 
monetary transactions, which might limit the applic-
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ability of the result to mobile application downloads 
that entail transactions. Relatedly, ranking effects 
have been explored in sponsored search advertising 
on PCs, however, the empirical results are not 
consistent. Ghose and Yang (2009) explore sponsored 
search advertising data on Google and find that con-
version rates, which involve transactions, are neg-
atively related with rank. Thus, the rates are highest 
at the top and decrease with rank. However, another 
empirical study (Agarwal et al., 2011) on sponsored 
search advertising on Google shows that conversion 
rate increases with rank, a contradictory result to 
that of Ghose and Yang (2009). Therefore, the pre-
vious empirical studies do not provide definite pre-
dictions about ranking effects in the context of trans-
actions over mobile channels. This study aims to 
fill the gap and contribute to this stream of literature 
by investigating the effect of application rank on 
extended mobile application download. 

Second, while a PC is frequently shared with others 
(e.g., at home or at schools), mobile devices are more 
personal in its nature than PCs (Chae and Kim, 2003). 
This implies that a record of a mobile application 
download could be attributed to a specific user and 
mobile application download history could more viv-
idly show individual preference and value system. 
Therefore, mobile application transaction data could 
provide objective and reliable information on the 
user’s adoption of mobile applications, without the 
need to rely on a user survey as in the study of 
IT adoption in the PC context. However, previous 
studies on users’ mobile application adoption behav-
ior are usually based on survey data (e.g., Chung 
and Park, 2007; Oh, 2014). This study contributes 
to the literature on mobile application adoption by 
empirically exploring the role of application rank 
in the extended application download based on a 
large-scale transaction dataset from a major tele-

communications company in Korea. 
We employ a random-effects generalized least 

squares regression that considers not only application 
rank but also a variety of IT, user, and application 
characteristics. The analysis generates the following 
results. Overall, a higher rank of an application en-
courages the extended application download, but the 
linear relationship between the rank and the extended 
application download disappears when critical rank 
points are considered in the model. Further, there 
is no quadratic effect of rank found in the extended 
application download.

The rest of this paper is organized as follows. 
We discuss the role of rank in the extended applica-
tion download in the following section. In subsequent 
sections, we describe our data and econometric 
model. Then, we analyze the model and present the 
analysis result. Finally, we conclude with a discussion 
about our findings and suggestions for future 
research.

Ⅱ. Mobile Application Rank 
and Extended Application Download

2.1. Effects of Application Rank on 
Extended Download

We conjecture, based on the rational choice theory, 
that mobile application users would make rational 
choices when deciding to do an extended download 
by calculating the cost and benefit involved in the 
download. Rational choice theory, which is rooted 
in utility theory in economics, is an approach used 
by social scientists to understand human deci-
sion-making. According to the rational choice theory, 
a person makes choices in a way to maximize the 
total utility within a given choice set and information. 
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The theory has been widely adopted in various dis-
ciplines, all-encompassing from economics, sociol-
ogy, psychology, zoology, and political science to 
management, and explains human behaviors in a 
concise way (Green, 2002; Herrnstein, 1990). 

Rational choice theory, coupled with the baseline 
assumptions that human wants more rather than 
less of a good and all the available resources are 
scarce in maximizing the utility, views any social 
exchange relationship such as firm-consumer rela-
tionship as an economic exchange relationship where 
all parties try to make cost-effective decisions. 
Therefore, mobile users would also follow the calculus 
of (expected) costs and benefits in the extended appli-
cation download.

A mobile application user would download an 
application when s/he expects more benefit than the 
cost of downloading and using the application. 
Application popularity can be a positive quality signal 
(thus, a benefit signal) to consumers when down-
loading an application. Mobile application can be 
classified as an experience good in which qualities 
could not be determined prior to purchase (Nelson, 
1974). Given that agreement with others decreases 
perceived uncertainty involved in decision making 
(McGarty et al., 1993) and that application download 
rank appears to users when they decide to download 
a new application, users would put more value on 
higher-ranked applications. Further, the user might 
expect gains from interacting with others, and thus, 
could choose an application having a larger customer 
base. From the above discussion, we could conjecture 
that a higher rank of an application would encourage 
the download of the application.

The effect of the application popularity on download 
can be interpreted as a herding effect as well. This 
herding effect is spotted in a variety of contexts such 
as financial investment (Grinblatt et al., 1995), in-

formation sharing (Avery and Chevalier, 1999; Oh 
and Jeon, 2007), product choice (Ge et al., 2009), 
political voting (Dekel and Piccione, 2000), software 
download (Duan et al., 2009), and IT adoption (Li, 
2004). The primary explanation provided in the pre-
vious studies for the observation of herd behavior 
is information cascades (Banerjee, 1992; Bikhchandani 
et al., 1992). Informational cascades refer to the sit-
uation where it is optimal for an individual to follow 
the decision that the others have made while ignoring 
her own information. A rational consumer might 
be aware that the probability, if all are independent, 
of a majority of others making the wrong choice 
is small (Shiller, 1995). Therefore, the user might 
follow the decision that the majority has made, rather 
than pay for the costs of processing information to 
make a right choice, especially when a large amount 
of information is given to be processed.

Further, limited user interfaces of mobile devices 
such as small screens and inconvenient keypads incur 
high search costs to mobile users and might dis-
courage them to search for low-ranked applications 
(Ghose et al., 2012), which are usually displayed in 
the second or next pages of search results. This leads 
to our second conjecture that there might be the 
critical values of ranks in terms of their effect on 
the mobile application download. For example, if 
ten applications are displayed in one page, then the 
effect of rank between the ninth and tenth applica-
tions may be different from that between the tenth 
and eleventh applications because moving to a differ-
ent page may incur a higher cost than moving down 
in the same page.  

While previous studies have suggested monotonic 
effects of rank (Agarwal et al., 2011; Ghose and Yang, 
2009; Ghose et al., 2012), the effect of application 
rank becomes less obvious in the extended download. 
Given that users might already have downloaded 
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high-ranked applications and the ranks are quite stable 
over time, the rank effect on the extended download 
might be different from the case of the initial download 
in the category. <Figure 1> depicts the total number 
of extended downloads per application rank during 
our data period. This roughly shows the extended 
download pattern in our dataset in terms of the rela-
tionship between the number of extended downloads 
and the rank at the time of the downloads.

First, as conjectured earlier, there is a global trend 
that higher ranks are associated with more down-
loads, but the highest ranked application was down-
loaded much less than the second highest ranked 
application (see A in <Figure 1>). That might be 
because the users could already have the highest 
ranked application installed in their mobile devices. 

Second, several critical values of ranks in terms 
of their effect on the extended application download 
are spotted. Specifically, there are huge drops in the 
number of extended downloads at certain ranks (B, 
C, and D in <Figure 1>). The existence of critical 
values indirectly supports our second conjecture that 
mobile users could face huge search costs for down-
loading applications displayed in the next pages. 

However, there are many factors affecting the ex-
tended download, and without controlling for those 

factors, we might reach a conclusion derived by a 
spurious relationship between the rank and the ex-
tended download. We identify such factors in the 
following section.

2.2. IT, User, and Application Characteristics 
and Extended Download 

There are several factors which could be directly 
associated with the extended application download 
other than the application rank. Specifically, we iden-
tify several IT characteristics, user characteristics, and 
application type as control variables.

2.2.1. IT Characteristics

First, a mobile application downloader should pay 
for the mobile Internet data transmission. More specif-
ically, s/he should pay the monetary cost for the mobile 
data transmission and incur the time cost for the 
download. Calling plans with data (500MB data cap, 
for example) enable us to download data with less 
psychological burden for the cost associated with the 
download. Therefore, we can expect that the data 
plan subscription leads to less (monetary and psycho-
logical) costs for the application download. 

<Figure 1> Extended Downloads and Application Rank 
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Second, the network technology to which the 
downloader is subscribing is directly associated with 
the download time. For example, the average down-
load speed of LTE network (4G-network) records 
100Mbps, while 1x-EVDO network (2.5G-network) 
records 2.4Mbps. We consider whether the user has 
a data plan and the network technology to which 
the user is subscribing as control variables for the 
extended application download.

Third, device characteristics would matter for the 
application download. Mobile devices with better col-
or resolution and sound, for example, can provide 
users with more utilities for the application usage. 
Consequently, better mobile interface would bring 
on more application downloads. We consider color, 
sound, and other device functions as control variables 
for the extended application download.

2.2.2. User Characteristics

There are several user characteristics which could 
be associated with the mobile application download. 
First, we consider hedonic-orientation of users. 
Consumer attitudes can largely be classified into he-
donic and utilitarian, which are directly related to 
consumers’ value assessment and decision making 
(Voss et al., 2003). Hedonic and utilitarian users would 
have different value systems on the application usage. 
For example, hedonic users put more values on the 
non-utilitarian components such as fun, exciting, and 
enjoyment than utilitarian components such as effec-
tiveness, helpfulness, and practicality (Grünhagen et 
al., 2003; Mäenpää et al., 2006; Voss et al., 2003). 
Given that the intrinsic values from the variety-seeking 
behavior are closely related to hedonic and sensational 
factors (Zuckerman, 1979), we could expect users 
with hedonic-orientation might explore new applica-
tions more than utilitarian users, and therefore, they 

could have a larger propensity to the extended 
download. We measure the extent of hedonic-ori-
entation of a user with the ratio of the number of 
hedonic application usages to the number of total 
application usages. 

Second, the cost-benefit calculus would function 
less for the cost-insensitive users, and therefore, the 
cost-insensitivity would be related to extended appli-
cation download. As such, we consider the cost-in-
sensitivity of users. There are voice and SMS caps 
on calling plans in subscription and cost-sensitive 
users would try to minimize the over-charge for 
over-usages of voice or SMS. Although it would be 
better to change the calling plan or their calling pat-
terns, cost-insensitive users could continue to stick 
to their calling patterns with the same plan. Thus, 
we measure the cost-insensitivity of users as their 
monthly average over-charge. 

Third, users’ purchasing power would be directly 
related to cost-benefit calculus, and thus, to the ex-
tended application download. We measure the pur-
chasing power of users as their monthly average 
charge. 

Lastly, demographic variables are known to explain 
large variances of outcome variables in many social 
science studies. We control for the age and gender 
of users that are known to be correlated with IT 
adoption (Venkatesh et al., 2003).

2.2.3. Application Type

As the stimulus from the repeated tasks in the 
same application decreases, our cognition works to 
produce more input from outside (Zuckerman, 1979), 
ending up finding other application to increase the 
level of stimulus. Typical example would be a mobile 
gamer who feels boredom from playing the current 
mobile game and is trying to seek a new game. Since 
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the variety-seeking behavior are closely associated 
with hedonic and sensational factors (Zuckerman, 
1979), we could expect this variety-seeking effect 
would be stronger in the hedonic application down-
load and usage than in the utilitarian application. 
Thus, we consider application type in the analysis.

Ⅲ. Empirical Analysis

3.1. Data Description

This study uses a large dataset from a major tele-
communications company in Korea. The company 
(and telecom companies in general) could capture 
its subscribers’ application download and usage only 
over its telecom network; i.e., the application down-
load and usage over Wi-Fi or sole-playing application 
usages could not be recorded in the database. To 
minimize the possible bias from the incompleteness 
of data, we collected application download behavior 
only from a sample of feature-phone users, who could 
not access the application market using Wi-Fi. Based 
on Contract Number (CN) and Customer Telephone 
Number (CTN), we randomly drew a sample of 
29,936 individual subscribers and then retrieved their 
application download or usage data recorded for 6 
months (Jan 2011-June 2011).3)  By focusing on fea-
ture-phone users, we could analyze their entire appli-
cation download history during the data period with-
out the concern of missing data.4)     

3) We drew users whose CN and CTN end with 0. The last 
digit of CN is a random number, while CTN could be either 
chosen by a customer or randomly generated. If we could 
assume that customers are equally distributed over the last 
digit of CTN (i.e., 0-9), then the sample is 1:100 scale out 
of the population. That means the population size would 
be around 29,936*100=2,993,600. 

4) We recognize the issue of a possible selection bias in our 
data by ignoring smartphone users. However, we believe 

The dataset includes a variety of variables including 
users’ application download and usage history, voice 
and SMS usage per month, plans (calling plan and 
data plan), device features, network technology for 
data transaction, membership period and demo-
graphic variables described in <Table 1>. 

There are eight app categories in the dataset-Game, 
Entertainment, Phone Assortment, M-commerce, 
Biz-solution, Portal, Location/Traffic, Information/ 
Life-which were classified by the telecommunications 
company. We regarded applications in the categories 
of Game, Entertainment, and Phone Assortment as 
hedonic applications, whereas M-commerce, Biz-sol-
ution, Portal, Location/Traffic, Information/Life as 
utilitarian applications.

Among the 29,936 users, we focused on users who 
had made an extended application download during 
the data period. A total of 7,877 users and their 
27,824 extended downloads were kept for the main 
analysis.5) <Table 2> and <Table 3> summarize the 
basic statistics of the main sample and variables.

To explore the role of application rank in users’ 
extended download, we collected the application rank 
history as well. The rank was updated bi-weekly by 
the telecommunications company based on the num-
ber of downloads during the last two weeks.  

3.2. Empirical Approach

To investigate the effect of rank on the extended 
application download, we focus on the time to the 
extended download (days) as the dependent variable. 

their download information could be severely contaminated 
and unreliable, because a large portion of their application 
download was conducted over Wi-Fi.   

5) Extended-downloaders in the dataset are significantly 
younger (by 4.6 years) and spent more money per month 
(by 11,380 won on average) than non-downloaders, but 
their membership periods were shorter (by 133 days).
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For example, if a user downloads a new game applica-
tion 30 days after s/he downloaded a game applica-
tion, the time to the extended download is 30. 

A user could download many applications and it 
is unrealistic to assume that the extended downloads 
by the same individual are uncorrelated with each 
other given the observed covariates. To capture the 
multi-level structure of the data, we employed a ran-
dom-effects generalized least squares (GLS) regression.

In the random effect model, the total residual is 

estimated with two error components:  , which is 
shared within subject j, and  , which is unique 
for each extended download of category i by subject 
j. Then, the random-effect model will be,  

      ⋯  

where   is the time to extended download of category 
i by subject j, and ⋯ are the covariates.

Variable Description
Dependent Variable Time to Extended Download (days)
Independent Variables 
    AppRank Application ranking in the category (A smaller value means a higher rank)
    AppRank_Square Square of application ranking
    AppRank_N Top ranking dummy (1=if the rank is equal to or less than N, 0=otherwise)
Control Variables
IT Characteristics

    NetworkTech Whether to subscribe to advanced network technology (0=1x_RTT or less advanced network, 
1=1x_RTT or less advanced network)

    DataPlan Whether to subscribe to data plan (0=No, 1=Yes)
    Sound Sound capability (0=Less than 64 Poly, 1=Others)
    Color Color resolution (0=Less than 16 million, 1=Others)
    MP3 MP3 player function (0=No, 1=Yes)
    DMB DMB function (0=No, 1=Yes)
User Characteristics
    HedonicOrientation Hedonic-orientation (relative frequency of hedonic application usage)
    MembershipPeriod Active membership periods (days) 

    Age Age (0=~10, 1=10~14, 2=15~19, 3=20~24, 4=25~29, 5=30~34, 6=35~39, 7=40~44, 8=45~49, 9=50~54, 
10=55~59, 11=60~64, 12=65~69, 13=70~)

    Gender Gender (0=Male, 1=Female)
    PurchasingPower Purchasing power (monthly average charge, 1000 won)
    CostInsenstivity Cost insensitivity (monthly average over-charge, 1000 won) 
Application Type 

    AppType 1 = Hedonic application (Game, Entertainment, and Phone Assortment), 
0 = Utilitarian application (M-commerce, Biz-solution, Portal, Location/Traffic, Information/Life)

<Table 1> Variable Description
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3.3. Analysis Result

<Table 4> shows the analysis results. Time to 
Extended Downloads is severely positively skewed 
(greater than 2), thus we log-transformed the variable 
for the analysis. To avoid the case of ‘log 0’, we 
added a small value (0.001) to Time to Extended 
Download before the transformation.

The coefficient of application rank (AppRank) in 
the random-effects model (Model 1) is positive (0.003) 
and significant, indicating higher rank (i.e., a smaller 
value of rank) of a new application is positively asso-
ciated with the extended download of the application. 
We also explore the quadratic effect of rank by includ-
ing the square term of rank (Model 2), but the co-
efficient of the square term (AppRank_Square) is not 
significant. 

The above results may imply that overall, applica-
tion rank has a linear relationship with extended 
application download. However, previously proposed 
conjectures as to the effects of application rank on 
extended download and users’ download pattern in 
<Figure 1> suggest that the linear relationship may 
be a too rough approximation of the rank effect.

Therefore, we next investigate the existence of crit-
ical point of rank effect by including dummy variables 
indicating the top ranked application (Model 3). 
Specifically, we add dummy variables, AppRank_N’s, 
whose value is 1 for an application with a rank equal 
to or less than N. We select the cut-off ranks (ranks 
4, 9, and 16) based on the point where there is a 
huge drop in the number of extended downloads 
in <Figure 1>. The three critical points found in 
<Figure 1> were significant in the random effects 

Rank 1 2 3 4 5 6 7 8 9 10

No. of Extended 
Downloads 2,193 3,763 3,648 3,347 1,901 1,566 1,298 1,279 1,229 698

<Table 3> Number of Extended Downloads by Rank (Up to 10th Rank)

Variable Sample Composition / Basic Statistics
Gender (persons) Female: 3,415, Male: 4,462 

Age (persons) ~14: 1,657, 15~19: 1,982, 20~24: 800, 25~29: 747, 30~34: 612, 
35~39: 571, 40~44: 515, 45~49: 385, 50~54: 265, 55~: 343

Active membership period (days) Mean: 567.53, Standard deviation: 681.87
Data plan subscription (persons)1 Yes: 6,829, No: 1,048 

Network technology (persons) 1x-RTT network or less advanced than 1x-RTT network: 770, 
1x-EVDO network or more advanced than 1x-EVDO network: 7,107

Average call charge (Won) 41,106
Number of extended downloads Total downloads: 27,824, Average downloads per user: 3.53
Time to extended download (days) Mean: 6.55, Standard deviation: 11.21, Skewness: 2.87
Note: 1 Users could change their plans, but there were no users in our dataset who have newly subscribed to a data plan or cancelled 

their data plan during the data period. 2 Application rank is determined by the number of downloads during the last half of a 
month (first half or second half of a month) and updated twice a month. For example, application rank shown on May 7, 2015 
is determined by the number of downloads between April 15, 2015 and April 30, 2015.

<Table 2> Basic Statistics of the Main Sample and Variables (Total Users=7,877)
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analysis (AppRank_4, AppRank_9, and AppRank_16). 
For example, the negatively significant coefficient 
of AppRank_4 (-0.48) indicates that applications 
ranked between 1 and 4 are more likely to be down-
loaded compared to the other applications. More 
importantly, the coefficient of the rank (AppRank) 
becomes insignificant after including the top rank 
dummies. Therefore, the effect of rank on extended 
application download exhibit a step function rather 

than a linear function. 
The estimation results for the control variables 

support that the cost-benefit calculus is working in 
extended application download.

Among the IT characteristics, the subscription to 
data plan (DataPlan) is significant with the expected 
signs. Mobile users with data plan are about one 
and half days faster than others. However, the use 
of advanced network technology or device character-

Variable Control Model Model
(1)

Model
(2)

Model
(3)

Main Variables
    AppRank 0.003 (0.001)* 0.015 (0.010) 0.018 (0.011)
    AppRank_Square 0.000 (0.000)
    AppRank_4        
    AppRank_9
    AppRank_16

-0.48 (0.12)***

-0.37 (0.11)***

-0.29 (0.13)*

Control Variables
IT Characteristics
    NetworkTech -0.24 (0.35) -0.37 (0.35) -0.38 (0.35) -0.40 (0.35)
    DataPlan -0.41 (0.12)*** -0.41 (0.12)*** -0.41 (0.12)*** -0.44 (0.12)***

    Sound -0.16 (0.18) -0.08 (0.18) -0.08 (0.18) -0.10 (0.18)
    Color 0.02 (0.04) 0.01 (0.04) 0.01 (0.04) 0.01 (0.04)
    MP3 -0.16 (0.22) -0.10 (0.22) -0.10 (0.22) -0.08 (0.22)
    DMB 0.10 (0.08) 0.11 (0.08) 0.11 (0.08) 0.10 (0.08)
User Characteristics
    HedonicOrientation -0.91 (0.16)*** -0.94 (0.16)*** -0.94 (0.16)*** -0.92 (0.16)***

    CostInsenstivity -0.00 (0.00)*** -0.00 (0.00)*** -0.00 (0.00)*** -0.00 (0.00)***

    PurchasingPower 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
    MembershipPeriod 0.00 (0.00)*** 0.00 (0.00)*** 0.00 (0.00)*** 0.00 (0.00)***

    Age -0.11 (0.01)*** -0.11 (0.01)*** -0.11 (0.01)*** -0.11 (0.01)***

    Gender 0.17 (0.10) 0.15 (0.10) 0.15 (0.10) 0.15 (0.10)
Application Characteristic
    AppType -0.37 (0.10)*** -0.38 (0.10)*** -0.40 (0.10)*** -0.35 (0.10)***

Constant -0.85 (0.57) -1.21 (0.61)* -1.85 (0.79)* -1.64 (0.57)**

Note: * p < 0.05, ** p < 0.01, *** p < 0.001; two-tailed tests.

<Table 4> Results from the Random-Effect Model [D.V.=ln(Time to Extended Download)]
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istics such as sound, color, and other device functions 
are not significant.

Regarding the user characteristics, hedonic-ori-
entation of users (HedonicOrientation), cost-in-
sensitivity (CostInsenstivity), active membership peri-
od (MembershipPeriod), and age (Age) are significant. 
Users who are more inclined to use hedonic-applica-
tions than to utilitarian applications and users with 
more over-charges are found to have a greater ten-
dency toward extended application downloads. 
Active membership period is statistically significant, 
but since it has a very small coefficient, it is not 
economically significant (one day longer membership 
is associated with 0.0015 day faster download). Lastly, 
age is negatively associated with the time to the ex-
tended application download.  

3.4. Robustness Check

A fixed-effects model can also be considered to 
control for time-invariant individual-specific un-
observed heterogeneity. We employed a fixed effect 
model as well to check the robustness of the result. 

When the number of individuals is relatively large 
compared to the total number of observations, like 
ours, the model becomes problematic as it faces the 
incidental parameter problem (Baltagi, 2001). To 
avoid the problem, we focused on 1,847 users who 
did extended downloads more than or equal to six 
times during our data period.  Note that several 
user-specific and technology-specific variables are ex-
cluded from the original model as the fixed-effect 
term perfectly control for the time invariant user 
heterogeneity.

Similarly to the main result, AppRank is positive 
and significant, meaning that users tend to ex-
tended-download high-ranked applications, but the 
main effect becomes insignificant as several cut-off 
points are included in the model. 

Ⅳ. Discussion and Conclusion

In this study, we empirically explore how the appli-
cation download rank affects users’ extended mobile 
application download. Drawing on the rational choice 

Variable Control Model Model
(1)

Model
(2)

Model
(3)

Main Variables
    AppRank 0.012 (0.005)* 0.007 (0.013) 0.011 (0.015)
    AppRank_Square 0.000 (0.000)
    AppRank_4        
    AppRank_9
    AppRank_16

-0.54 (0.24)*

-0.19 (0.06)**

-0.18 (0.10)
Control Variables
Application Characteristic
    AppType -0.38 (0.13)** -0.22 (0.14) -0.22 (0.14) -0.15 (0.14)
Constant -1.50 (0.12)*** -0.92 (0.25)*** -1.18 (0.72) -1.14 (0.51)*

Note: * p < 0.05, ** p < 0.01, *** p < 0.001; two-tailed tests.

<Table 5> Results from the Fixed-effect Model [DV=ln(Time to Extended Download)]
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theory and using a large transaction dataset of mobile 
application from a leading telecommunications com-
pany in Korea, we empirically show that higher rank 
of a new application could encourage extended appli-
cation download, but not in a linear fashion. There 
are a few critical ranking points where the rank effect 
on the extended application download prevails but 
no significant rank effect is found between the critical 
rankings.

Our empirical result provides important mana-
gerial implications. First, the application rank pro-
motes a diffusion of the application by accelerating 
the extended application download. Given that the 
application rank is updated based on the number 
of downloads during recent period (e.g., the last two 
weeks), the application rank and the number of ex-
tended application downloads would be in a virtuous 
circle, affecting each other positively. 

Second, the rank effect on the extended application 
download is not linear but stepwise on a few critical 
points. Business players in the mobile application 
market should identify and pay attention to the critical 
points where they could benefit from the rank effect 
in the extended application download. More specifi-
cally, it would be critical to be included in a certain 
top-N ranks (e.g., top 9 in our dataset) for the rank 
effect in the extended application download, rather 
than competing for marginal rank increases within 
the range of two critical points.

From the theoretical perspective, this study has 
crucial implications for research on search costs and 
ranking effects. Our result suggests that contrary to 
the approach in previous studies where the effect 
of rank is modeled as linear or quadratic (e.g., Agarwal 
et al., 2011; Ghose and Yang, 2009), the effect may 
not follow such a smooth curve. Therefore, more 
fine-grained analysis of the effect would be required. 

Relatedly, this is the first study to examine rank 
effects on extended download. In ranking effect re-
search, it would be important to distinguish initial 
download and extended download. Under a strong 
ranking effect, initial download and extended down-
load would exhibit quite different patterns especially 
for high rank applications, as <Figure 1> suggests. 
Therefore, if both types of downloads are mixed up 
in a dataset, the analysis might not capture any of 
the distinct significant patterns. 

The current study also provides implications for 
IT adoption literature. Given that mobile is becoming 
the main IT platform, more objective and reliable 
data on IT adoption and usage will be recorded and 
available. Therefore, IT adoption researchers should 
be concerned about new approaches based on the 
new data. When coupled with the new approach, 
the traditional perception-based adoption research 
such as TAM could provide deeper understanding 
of IT adoption behavior.  

We conclude with limitations of this study and 
suggestions for future research. First, our empirical 
analysis focused on feature phone users who made 
an extended application download during the data 
period. Since smartphone users would find less diffi-
culty in searching for lower-ranked applications, 
which are displayed, for example, in the next search 
result pages, the critical points of ranking effect might 
be less evident for smartphone users. Our study could 
be expandable to smartphone users by collecting data 
on their complete application download history 
through telecom networks and Wi-Fi. Second, we 
focused on the rank effect on the extended application 
download, but one may investigate the rank effect 
on the initial application download and compare 
the result with our study.  
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