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consumers make purchases (Mobile Marketing Association 2007). Whole Foods Markets, for 

example, issued in-app coupons for consumers to get discounts when they downloaded the 

Whole Foods mobile app (McNew 2016). McDonald's also gave away a “buy one Big Mac get 

one free” deal for consumers after they downloaded McDonald’s app and registered an account 

when McDonald's introduced their mobile application (Pope 2015). As a special form of in-app 

coupons, group-buying coupons are also frequently issued to provide discounted products or 

services that are activated only when a certain number of people pay for the deal or are “tipped” 

into the deal (Hu and Winner 2017; Jing and Xie 2011; Song et al. 2016). This kind of group 

coupon is usually set with a maximum number of coupons pre-specified (Edelman, Jaffe and 

Komlners 2016; Hu et al. 2019), and often indicates savings, remaining purchase time, and deal 

popularity by showing the number of people who have already downloaded/redeemed the 

vouchers (Luo et al. 2014). The Chinese e-commerce platform Pinduoduo, which offers low 

price group-buying products (or “team purchases”), had attracted over 20 million registered users 

by February 2016, six months since it had been launched in September 2015 (CIW Team 2019).  

Despite these active practices of mobile in-app couponing strategies, we lack an 

understanding of whether and how mobile in-app marketing strategies affect consumers’ 

adoption of companies’ branded apps. Intuitively, one may question how likely mobile in-app 

marketing could affect consumers’ adoption of a mobile app when consumers have not yet 

downloaded it. While consumers could not be informed directly within a mobile app about the 

company’s in-app marketing offerings, we suggest that consumers can still learn about these in-

app offerings through many other channels outside their apps (e.g., TV ads, emails, or social 

media). Thus, it is possible that the more frequent companies release mobile in-app incentives, 

the more likely consumers become aware of these incentives and are then motivated to download 



3 
 

 
 

the apps. Furthermore, as consumers could also learn about mobile in-app offers through their 

social networks or at the point of purchase in brick-mortar stores, it is also likely that existing 

adopters and/or people surrounding a brick-mortar store may strengthen or weaken the potential 

influences of mobile in-app marketing activities. For example, we may observe that the more 

consumers have adopted a mobile app, the more likely others will become known about the 

mobile in-app offers and hence will follow the suit. However, since a large crowd in a physical 

location (e.g., stores) may affect consumers to observe and learn about mobile in-app offers, the 

potential influences of mobile in-app activities may be hindered.     

To address these issues, in this research, we investigate the impact of companies’ mobile in-

app marketing on consumers’ adoption of companies’ branded apps by focusing on two mobile 

in-app marketing strategies (i.e., mobile in-app couponing and mobile in-app group-buying 

couponing). For ease of discussion, we hereafter refer to regular in-app couponing and group-

buying couponing as in-app couponing and in-app group-couponing, respectively. Specifically, 

we are interested in understanding three research questions: (1) Whether and how do these two 

types of mobile in-app strategies affect consumers’ adoption of branded apps? (2) Are there any 

differences in the adoption effects of these two mobile marketing strategies? And (3) How (if at 

all) do social influences from an installed-user base (i.e., the existing adopters of a branded app) 

and from a physical environment (i.e., crowdedness of a physical location) moderate the impact 

of these two mobile marketing strategies? 

A few recent studies in information systems and marketing have investigated the driving 

forces involving consumers’ adoption of mobile apps, but mainly focused on issues such as (1) 

the impact of mobile app features on consumer adoption (Ha et al. 2012; Yang 2013; Peng, Chen 

and Wen 2014; Pentina et al. 2016; Shen 2015; Xu et al. 2016), (2) the impact of marketing in 









7 
 

 
 

social influences among consumers strengthen or weaken the adoption effect of mobile in-app 

marketing strategies when issuing a new mobile app. Our findings of the opposite moderating 

effects of social influences from existing adopters and from the physical environment add to the 
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form a group by taking advantage of consumers’ social networks and by setting a clear 

expiration time
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Theoretical Background and Hypothesis Development 

The rapid proliferation of mobile apps has stimulated a growing number of studies examining the 

driving forces of consumers’ mobile app adoption. A majority of these studies, however, have 

focused on the features of mobile apps (e.g., icon appearance and app type) and consumer 

characteristics (e.g., cultural background and demographics) (Ha et al. 2012; Peng, Chen and 

Wen 2014; Pentina et al. 2016; Yang 2013). Two recent studies in information research have 

also examined the impact of message framing (i.e., promotion- vs. prevention-focused) and 

consumer personality characteristics (e.g., extraversion, agreeableness, and conscientiousness) 

on mobile app adoption (Shen 2015; Xu et al. 2016). In mobile marketing literature, extant 

studies have been predominantly interested in investigating the impact of mobile marketing 

strategies on consumers’ purchase behavior and firm performance (Bart, Stephen and Sarvary 

2019; Boyd, Kannan and Slotegraaf 2019; Kim, Wang and Malthouse 2015; Hao, Guo and 

Easley 2017; Ji, Wang and Gou 2019; Liu et al. 2019; Wu, Tan, Chen and Liang 2018; Narang 

and Shankar 2019, van Noort and van Renjmersdal 2019). However, little attention has been paid 

to mobile app adoption. While two recent studies have taken the first step to investigate the 

impact of marketing strategies on consumers’ adoption of mobile apps (e.g., email marketing in 

Sun et al. 2019; mobile in-app advertisements from third parties in Ghose and Han 2014), the 

impact of mobile in-app marketing strategies initiated by focal firms remains underexplored.   

In the current study, we suggest that mobile marketing activities in branded apps (i.e., 

mobile in-app couponing and group-couponing) not only create values to potential adopters, but 

also impose problems to 
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activities on consumers’ adoption of branded apps depends on the relative strength of the 
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type of promotion, or a gift after making a purchase (Andrews et al. 2016). To stimulate 

consumers’ interest in a mobile app, such financial benefits are often provided to them when they 

download and use the mobile app for the first time. Mobile in-app couponing and group-

couponing, in particular, are often used by merchants as cost-saving or financial benefit 

certificates. Compared to traditional print coupons in newspapers/magazines, mobile in-app 

coupons are much more convenient for consumers to use for searching, storing, and retrieving. 

Hence, due to these potential financial values provided to consumers, a large number of mobile 

in-app marketing activities can also increase consumers’ interest in adopting mobile apps.  

However, we also recognize the potential problems with the use of mobile in-app marketing 

strategies. These potential problems could be caused by information overload and/or annoyance. 

Compared to PCs, the display spaces in mobile apps are generally much smaller. Because of the 

constraints of the display space on mobile devices, consumers can easily develop negative 

feelings of information overload when a mobile app uses more mobile in-app marketing 

activities (Shankar et al. 2016). When a mobile app overloads consumers with an overwhelming 

amount of marketing strategies (e.g., mobile promotions), consumers may become less likely to 

recognize the relevant deals they need. To make matters worse, these consumers may consider 

such mobile strategies as cumbersome and useless (Dickinger and Kleijnen 2008). Furthermore, 

mobile in-
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can also be regarded as an invasion of consumer privacy (Liu et al. 2012). Ghose and Han (2014) 

also point out the annoyance effect on consumers’ adoption of a mobile app and demonstrate 

empirical evidence regarding the negative impact of in-app advertisements from third-party 

companies.   

With an understanding of the potential values and problems created by mobile in-app 

marketing activities, we suggest that the impact of these two mobile in-
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how many consumers have joined the group and/or how many coupons have been redeemed is 

often made accessible and salient. As a result, consumers can feel strong pressures to make 

adoption decisions as quickly as they can to avoid the regret of missing out on a good deal. Thus, 

although consumers may still be worried about information overload and annoyance with the use 

of in-app group-couponing, the social learning effect 
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influence and location-based social influence. The former social influence refers to the 

moderating effect generated through social interaction between existing and potential adopters, 

whereas the latter refers to the moderating effect generated through social interaction among 

people in a physical environment. We suggest that while both types of social interaction can 

create a social learning effect, which can moderate the impact of mobile in-app marketing 

strategies, they can also differ in other unique effects generated.  

Moderating Effect of Installed-User-Based Social Interaction. The social interaction 

between existing and potential adopters allows existing app users to share information with 

potential mobile users regarding a mobile app and the benefits/problems created from mobile in-

app marketing strategies through social media, such as Facebook, Twitter, and so on. Hence, the 

larger the installed user-base of a mobile app, the higher the chances that potential mobile users 

can learn from existing adopters, thus creating a social learning effect that moderates the impact 

of mobile in-app marketing strategies. Accordingly, we may expect that the installed-user base of 

existing adopters can generate a positive moderating effect on the impact of in-app couponing 

strategies. Consequently, as more consumers adopt a mobile app, the impact of in-app couponing 

may become less negative (more positive) if the main effect of in-app couponing is negative 

(positive) at the time when an app is introduced. However, since social learning can take place 

from all existing adopters, even without the design of group-couponing, the social learning 

initiated by the design of group-couponing becomes less important and influential as the number 

of existing adopters grows larger. This suggests that the two sources of social interaction 

(initiated due to the design of group-couponing and generated from all existing adopters) are 

substitutive to each other. As a result, the impact of in-app group-couponing becomes less 

influential as the size of the installed-user base increases. 
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Moderating Effect of Location-Based Social Interaction. In a similar vein, social interaction 
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influence from the installed-user base and from the physical environment. This four
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the cumulative number of existing adopters from the beginning of our data period, which is 

26,687 as introduced earlier, to the previous day of our focal data point. We followed Andrew et 

al. (2005) and measured the crowdedness as the number of consumers entering the mall each day 

divided by the size of the mall in square meters.   

Other Variables. We also incorporated consumer- and time-specific variables into our 

analysis. Specifically, to capture the impact of consumers’ loyalty to the mall on their adoption 

of the mall’s mobile app, we incorporated the average shopping frequency and the average 

duration (in seconds) of consumers who entered the mall each day. The average shopping 

frequency of consumers was calculated based on the cumulative number of days that consumers 

visited the mall from the beginning of our data period to the focal data point. We calculated the 

average duration that consumers stayed in the mall at a time point based on the entering and 

exiting times of each consumer on that day. The shopping mall adopted a probing technology 

that allows the mall to detect a consumer’s mobile MAC address whenever each consumer enters 

and exits the mall. To capture the potential time variations in consumers’ adoption behavior, we 

incorporated two quarter dummies, a weekend dummy, and a holiday dummy, into our analysis. 

The two quarter dummies, Q1 and Q2, correspond to the first quarter (i.e., from January to 

March) and the second quarter (i.e., from April to June) of a year. We denoted the weekend 

dummy as 1 when the respective day was either Saturday or Sunday and as 0 otherwise. Lastly, 

the holiday dummy was denoted as 1 when the respectively day was a Chinese holiday, and as 0 

otherwise.1 The descriptive statistics of all variables are summarized in Table 1. 

[Insert Table 1 about here] 
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Holiday refer to whether the data point at time t corresponds to the first or second quarter, and 

weekend days (Saturday or Sunday) and holidays, respectively.  

Given the probability function in Equation (1), the log-likelihood function of our model can 

be derived as ( )
1

Pr
T

t t
t

L Y y X
=

= =∏ . Accordingly, the parameters (βs) in Equation (2) can be 

estimated by maximizing this log-likelihood function.  

Results 

We estimated our model in Equations (1) and (2) by using three different model specifications to 

compare the goodness of model fit. The first model included only the control variables, while the 

second and third models included the two mobile in-app marketing variables (i.e., Groups and 

Coupons) and both the two mobile in-app marketing variables and their interaction with the 

variables of the installed-user base and crowdedness, respectively. The estimation results using 

these three different model specifications are presented in Table 2. As shown in Table 2, Model 3 

provides a significantly higher log-likelihood value than those in Models 1 and 2, implying that 

incorporating the impact of mobile in-app marketing strategies and the moderating effects of 

installed-user-based and location-based social influences significantly improves the goodness of 

model fit. Furthermore, we noticed that by incorporating in-app marketing strategies and the 

moderating effects of social influences, the main effect of in-app couponing changed from 

positive to negative, indicating that there might exist dynamic impacts of in-app marketing 

strategies due to changes in the 
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Table 2, we found that the coefficient of Groups is significantly positive (β1= .122, p<.01), but 

the coefficient of Coupons is significantly negative (β2= -.264, p<.01). These results indicate two 

opposite impacts of two in-app couponing strategies: a positive impact of mobile in-app group-

couponing, but a negative impact of mobile in-app couponing on consumers’ adoption of a 

mobile app. The latter result of the negative impact of in-app couponing is surprising to us, 

suggesting that consumers are more concerned about the potential costs of information overload 

and annoyance when they observe a frequent use of in-app couponing. When group-couponing is 

frequently used instead, the social interactions induced due to the unique design of group-

couponing can help highlight the potential benefits from group-coupons and in turn, lead to a 

positive impact of in-app group-couponing on app adoption.  

With regard to the moderating effect of installed-user-based social interaction, our results in 

Model 3 of Table 2 showed that the coefficient of the interaction term Groups×UB is 

significantly negative (β3 =-1.35E-06, p<.01), while the coefficient of Coupons×UB is 

significantly positive (β4 = 5.53E-06, p<.01). The positive moderating effect of the installed-user 

base on the impact of in-app couponing demonstrates the important role of social 

learning/signaling effects that are generated with an increased number of adopters, which helps 

lessen consumers’ concerns about potential information annoyance and amplifies the potential 

benefits derived from coupons in a mobile app. However, when marketers issued in-app 

coupons, the negative moderating effect of the installed-user base revealed empirical evidence 

regarding the substitutive relationship between the social interaction initiated by the design of 

group coupons and the social interaction from existing adopters. 

To further examine the interaction effects of Groups×UB and Coupons×UB, we also 

derived the marginal interaction effects of these two interaction terms (see Ai and Norton 2003 
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Q1 and Q2, and weekly holiday variables as the instruments. As reported in Table 4, our key 

findings still hold when the endogeneity variables are controlled, which indicates that 

endogeneity was not a serious issue in our estimations. 

[Insert Table 4 about here] 

Third, we also validated our results by analyzing individual adoption data. Such individual 

adoption data allow us to examine the adoption effects of mobile in-app strategies while 

controlling for 
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mobile in-app marketing strategies, mobile in-app couponing and in-app group-couponing, affect 

consumers’ adoption of branded apps. We develop a theoretical framework to examine the 

adoption effects of these two mobile in-app marketing strategies, and how such effects vary with 

the growth of the installed-user base and with the increase of crowdedness in a physical 

environment. Our empirical findings contribute to mobile marketing literature and provide 

implications to marketers. 

Managerial Implications 

Our findings provide managerial implications in three folds. First, marketers should understand 

the potential values, as well as the costs, associated with the use of mobile in-app marketing 

strategies. Although both mobile in-app couponing and group-couponing provide information 

and financial values to marketers, which stimulate consumers’ interest in adopting a mobile app, 

a large number of these mobile in-app marketing activities could also create information 

overload and annoyance to consumers. Our findings regarding the two opposite impacts of 

mobile in-app couponing and in-app group-couponing imply that consumers would be more 

concerned about the costs of information overload and annoyance if marketers issue many in-app 

coupons at the early stage when introducing their branded apps. In contrast, if marketers could 

motivate consumers to voluntarily serve as the company’s representatives, advocating the mobile 

app through the use of in-app group coupons, they could largely enhance consumers’ adoption of 

their mobile apps. 

Second, marketers should take into account the dynamic impacts of mobile in-app 

marketing strategies when making mobile marketing decisions. Our findings of the opposite 

moderating effects of the installed-user base on the impact of in-app couponing and in-app 

group-couponing suggest that the adoption effects of these two mobile in-app marketing 
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adoption of branded apps, we analyzed only the adoption data from one of the largest shopping 

malls in China. Future research could examine the generalizability of our key findings if the data 

from other companies are available with respect to consumers’ adoption and mobile in-app 

marketing activities. Second, it would also be more insightful to marketers if researchers had 

access to information regarding not only the quantities, but also the details of mobile in-app 

marketing 
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TABLE 1 
Variable Definition and Descriptive Statistics (N=227) 

Variable Definition M SD 
Number of 
Adopters 

The number of consumers who registered for the 
mobile app each day 476.63 349.61 

Coupons The number of mobile in-app coupons released each 
day 3.26 4.43 

Groups The number of mobile in-app group coupons released 
each day 11.72 4.91 

Installed-Use-
Base (UB) 

The cumulative number of adopters of the mobile app 
up to the focal day 83535.42 30320.39 

Crowdedness 
(Crowd) 

The number of consumers who entered the mall per 
square meter each day .081 .028 

Q1 A dummy variable indicating the first quarter .40 .49 
Q2 A dummy variable indicating the second quarter .40 .49 

Weekend A dummy variable indicating weekends in a week. .29 .45 

Holiday A dummy variable indicating whether the respective 
day is a holiday or not, based on the Chinese calendar .08 .28 

Duration The average duration (in seconds) that consumers 
spent in the mall each day 6323.90 859.99 

Frequency The average shopping frequency of consumers who 
entered the mall each day 2.66 1.31 
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TABLE 3 
Robustness of Our Results Using Different Models 

Variables 
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TABLE 4 
Estimation Results with Endogeneity Controlled 

Variables Estimate 

Constant 8.056*** 
(.076) 

Coupons 
-.302*** 
(.007) 

Groups .100*** 
(.004) 

Coupons×UB 5.80E-06*** 
(1.04E-07) 

Groups×UB -1.18E-06*** 
(2.78E-08) 

Coupons×Crowd -.131*** 
(.026) 

Groups×Crowd .144*** 
(.023) 

UB -1.3E-05*** 
(8.23E-07) 

Crowd 1.341*** 
(.374) 

Frequency -.028* 
(.016) 

Duration -1.13E-06 
(5.74E-06) 

Q1 -1.817*** 
(.035) 

Q2 -1.008*** 
(.019) 

Weekend .310*** 
(.011) 

Holiday -.049*** 
(.014) 
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TABLE 5 
Estimation Results Using Individual Adoption Data 

Variables Estimate 

Constant -21.112*** 
(.260) 

Coupons -.068*** 
(.020) 

Groups .015 
(.013) 

Coupons×UB 1.47E-06*** 
(3.36E-07) 

Groups×UB -4.38E-07*** 
(9.87E-08) 

Coupons×Crowd -.137* 
(.078) 

Groups×Crowd .245*** 
(.084) 

UB -2.42E-05*** 
(1.97E-06) 

Crowd -5.952*** 
(1.386) 

Frequency .040*** 
(.005) 

Duration 5.53E-05*** -
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Figure 2. Marginal Effects of Mobile In-App Couponing and Group-Couponing 

 

 

Figure 2a. Marginal Effects of Mobile In-App Marketing 
Varying with Installed-User Base  

(Crowdedness=mean-2sd) 
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Figure 2d. Marginal Effects of Mobile In-App Marketing 
Varying with Crowdedness  

(Installed-user base = mean-2sd) 
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Figure 2b. Marginal Effects of Mobile In-App Marketing 
Varying with Installed-User Base  
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Appendix: The Random-Effect Logistic Model Using Individual Adoption Data 

We analyzed our individual adoption data by using a logistic regression model with random 

effects incorporated. Specifically, we assumed a consumer i’s utility function at time t, as given 

by: 

 it it i itU X vβ ε= + +
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consumers had registered in the app two days or longer after they visited the mall, we used the 

measure of crowdedness as 0. For the third type of consumers, we recorded their adoption 

decisions as 0 on the date when they visited the mall, and we used the measures of in-app 

marketing, crowdedness, and other control variables corresponding to their mall visitation dates. 

Note that, different from the measurements of frequency and duration in the aggregate adoption 

data, where we used the average of frequency and duration across all consumers who visited the 

mall each day, these two variables were measured at each consumer’s level in our individual 

adoption data, which consist of the number of visits to mall that each consumer had made prior 

to the focal date, and the hours that the consumer spent in the mall on the focal date, 

respectively. 

Given that a consumer adopts a mobile app when her utility is greater than 0 (i.e., 0itU > ), 

we can derive the probability of each consumer i’s adoption of a mobile app as 

1Pr ( , ) Pr ( 0 , )
1 exp( )it it it i it it it i

it i

y X v U X v
X vβ

= > =
+ − +

, conditional on iv . Then, the joint probability 

function of consumer i over a time period from 1, , it T=   , conditional on iv , can written as: 

 ( )1 1
1

Pr( , , , , , ) ,
t

i i

T

i iT i iT i it it it i
t

y y X X v F y X vβ
=

= +∏   (A3)  

where we denote the adoption probability of consumer i at time t as ( , )it it it iF y X v  to simplify the 

equation. Thus, we have 

 

exp( )
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random effects, as given by: 
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