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Abstract 
An increasing number of consumers enjoy 

shopping through mobile devices. When consumers 

use a mobile app, they can choose whether to log in 

with their accounts. We argue that pre-login search 

plays a critical role in affecting consumers’ purchase 

decisions, although it has largely been overlooked in 

the literature. Using clickstream data, we adopt 

different econometric models to examine whether and 

how pre-login search affects the likelihood of 

purchase. Our results show that pre-login search 

behaviors are as important as post-login search to 

consumers’ purchase decisions. We also demonstrate 

that consumers’ purchase propensity increases at a 

diminishing rate with an increasing search effort 

during both pre- and post-login periods. Based on 

recommender systems (RSs) and paradox of choice 

theory, our results contribute to the burgeoning 

literature on consumer behavior in mobile commerce 

and provide novel insights to the strategic usage of 

RSs. Finally, we discuss theoretical and managerial 

implications. 

 

Keywords: mobile commerce, pre-login search, post-

login search, recommender systems, choice overload. 

1. Introduction  

The growth of mobile commerce has been 

increasing sharply over the past few years. Global 

retail mobile commerce sales hit $359.32 billion in 

2021, an increase of 15.2% from 2020. By 2025, retail 

mobile commerce sales are projected to be more than 

double to reach $728.28 billion and account for 44.2% 

of retail ecommerce sales in the U.S. (Insider 

Intelligence 2022).1 It is not difficult to imagine that 

mobile commerce is going to be the next true frontier 

for shopping because mobile commerce continues to 

become more popular.  

Since mobile commerce has become more 

prevalent in our daily lives, consumer behaviors in 

 
1 https://www.insiderintelligence.com/ 

mobile commerce attract much attention from 

researchers. Research on mobile commerce involves 

many fields, including mobile app design (e.g., Ahmad 

and Ibrahim 2017), technology adoption (e.g., 

Chhonker et al. 2017), consumer trust in mobile 

commerce (e.g., Lin et al. 2014), and mobile app 

adoptions and purchase behaviors (e.g., Ghose and 

Han 2014, Han et al. 2016, Sun et al. 2019). All these 

studies focus on users’ activities in mobile commerce. 

However, few studies have examined the relationship 

between consumers’ pre-login search behaviors and 

their purchases in the context of mobile commerce. 

Consumers’ purchase probability is determined by 

both pre- and post-login search. Ignoring pre-login 

search behaviors may overestimate the effect of post-

login search on the consumers’ purchase probability.  

To narrow the literature gaps, we focus on 

comparing search behaviors before and after logging 

in. Specifically, we examine search behaviors of 

consumers who have accounts but search without 

logging into their accounts first as user-visitors (pre-

login search), and then log into their accounts to search 

as users (post-login search). Following previous 

studies (Bucklin and Sismeiro 2003; Johnson et al. 

2004), we develop three measures to capture 

consumers’ search efforts: (1) search time, (2) search 

depth, and (3) search width. All three measures 

capture consumers search efforts independently and 

have a positive relationship with consumers search 

efforts. For example, the more search time consumers 

spend on viewing products, the more search efforts 

consumers put into. 

To the best of our knowledge, no study has 

examined the relationship between consumers’ pre-

login search behavior and their purchase outcomes on 

a mobile app. We aim at answering an important 

research question: How do pre-login and post-login 

search efforts affect the likelihood of consumers’ 

purchase outcomes differently? We collected 

consumer’ click-stream data from a leading mobile 

commerce retailer and develop logit econometric 
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models to examine the effect of pre- and post-login 

search on consumers’ purchase probability. We find 

that both pre-login and post-login search efforts 

significantly affect consumers’ purchase probabilities. 

Strikingly, the differences between the effects of pre- 

and post- login search efforts are not statistically 

significant. This result suggests that pre-login search 

behaviors, which are often times neglected, are as 

important as post-login search behaviors. 

Furthermore, we test the second-order effect of search 

efforts on purchase probability and find that in both 

pre-login and post-login periods, with search efforts 

increasing, the marginal effect on consumers’ 

purchase probability decreases.  

Our paper makes several contributions to the 

Information System literature. First, we contribute to 

the burgeoning literature on online search by 

highlighting the effect of pre-login (can be regarded as 

nongoal-directed) search on consumers’ purchase 

probability. Although there have been studies 

investigating consumers’ online search behaviors due 

to the growth of e-commerce (e.g., Zhang et al. 2006; 

Bhatnagar and Ghose 2004; Bucklin et al. 2002), the 

effect of pre-login search has been largely neglected. 

The difference between search/deliberation visits and 

directed-buying visits is the timing of the purchase 

(Moe 2003). Not all search visits are goal-directed 

with a planned purchase in mind. It is often the case 

that some searches are purely based on consumers’ 

general interests or inadvertently browsing. Our study 

is among the first to empirically study the relationship 

between user-visitors’ search behavior and their 

purchase decisions.  

Second, we contribute to the literature of 

consumers behavior in mobile commerce. Previous 

studies investigate mobile channel adopters search 

change (Park et al. 2020), the spillover effect of editor 

recommendations (Liang et al. 2019), and the real-

time uses such as choice and duration across mobile 

apps (Wu et al. 2022). However, the understanding of 

consumers’ pre-login behavior in mobile commerce is 

still lacking.  

Third, we test the theory of choice overload in the 

context of mobile commerce, whereby we theorize 

how choice overload influences consumers purchase 

decision, and further provide insights to the strategic 

usage of RSs for a company. More broadly, our work 

extends the literature on the efficacy of choice 

overload and RSs in the mobile commerce contexts. 

The rest of the paper is organized as follows. In 

Section 2, we develop our hypotheses based on 

recommender systems theory and paradox of choice. 

Next, we describe our clickstream data and empirical 

context in Section 3. In Section 4, we detail our 

empirical analysis by constructing several 

econometric models and discuss our empirical results. 

Finally, we make a conclusion with suggestions for 

future research.  

2. Theory and Hypotheses 

Consumer search behavior can be divided into 

two stages for consumers: pre-login search as user-

visitors and post-login search as users. We posit that 

both stages play an important role in consumers’ 

purchase decisions (H1). Specifically, pre- and post-

login search behavior can be different as a result of 

how a RS works on an e-commerce platform. Figure 

1 depicts the difference of a RS between these two 

stages. We develop two competing hypotheses to 

examine the importance of pre-login search and 

whether there is a statistically significant difference 

between pre- and post-login search efforts on 

consumers’ purchase probability (H2a and H2b). 

Supported by the choice overload theory, we argue 

that there is a diminishing effect of both pre- and 

post-login search efforts on their purchase probability 

(H3a and H3b).  

 

 
Figure 1. Illustration of the Difference between 

Pre-login and Post-login Periods. 

2.1. Recommender Systems in Mobile 

Commerce 

The RS is designed to assist consumers in product 

search and selection (Li and Karahanna 2015) and 

works for consumers in both pre- and post-login 

periods. RSs in online retail contexts benefit both 

consumers and companies. A mobile app server can 

record consumers’ browsing and search behaviors as 

well as purchase histories, and present recommended 

products to specific consumers based on such 

information. Lee et al. (2020) examine differences of 

RSs between personal computer (PC)-based settings 

and mobile devices. They find that the use of RSs 

enhanced customer-level outcomes, such as number of 

views and sales of recommended products, 

clickthrough rate, and conversion. More importantly, 

marginal impacts of the RS are significantly higher for 
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mobile users. In other words, RSs effectively reduce 

consumer search costs on mobile devices. 

Brynjolfsson et al. (2011) also argue that a retail 

website provided consumers with information 

technology (IT)- enabled search, discovery tools, and 

RSs, could lower consumers’ costs of acquiring 

product information.  

In addition, researchers have studied the 

combined effect of an RS’ accuracy and diversity (e.g. 

Panniello et al. 2016). There have been many studies 

investigating the performance of RSs by adopting 

concepts such as accuracy, diversity, novelty and 

serendipity (e.g. Bobadilla et al. 2011; Patra et al. 

2015; Adomavicius and Kwon 2014; Kaminskas and 

Bridge 2016; Kunaver and Požrl 2017; Silveira et al. 

2019).  Following previous studies and given our 

research questions, we define RSs’ accuracy as the 

extent to which a recommended product fits a 

consumer’s preference. The better a product is 

matched to a consumer’s preference, the more 

accurate the RS is. RSs’ diversity measures how 

dissimilar recommended items are for a customer and 

is defined as the number of unique products 

recommended to consumers regardless of popularity 

(e.g., Kunaver and Požrl 2017).  

Many existing papers on context-aware RSs focus 

on accuracy metrics when measuring the performance 

of RSs and find that knowledge of certain relevant 

types of contextual information leads to a more 

accurate estimation of unknown ratings (Adomavicius 

and Tuzhilin 2011; Panniello et al. 2016). The concept 

of diversity of RSs has been discussed in mobile 

commerce literature because it is important to 

recommend a wide range of products that consumers 

have not seen before (Vargas and Castells 2011; 

Zhang and Hurley 2008). Both the accuracy of RSs 

and the number of recommended items have 

significant impacts on users’ satisfaction (Liang et al. 

2006) and consumers’ purchase decisions.  

Different from previous studies (e.g., Bradley and 

Smyth 2001; McSherry 2002; Adomavicius and Kwon 

2012) (i.e., illustrating accuracy and diversity tradeoff 

in terms of the popularity of products), the degree of 

accuracy and diversity of a RS in our context depends 

on how much consumers’ information a RS could 

access. Higher accuracy may be achieved by having 

access to more users’ information, which can result in 

a reduction in diversity. Conversely, higher diversity 

can be obtained by recommending consumers 

products across categories as different as possible due 

to intentionally less-accurate RSs or a lack of access to 

user-visitors information. Not only are such systems 

focusing on providing wider range of products 

beneficial to users because they have more 

opportunities to get recommended such unintended 

items, but also the benefit of a RS being more diverse 

could be apparent to some business models as well 

(e.g., Brynjolfsson et al. 2011; Fleder and Hosanagar 

2009). For instance, it would be profitable to Netflix if 

RSs encourage users to rent “long -tail” type of movies 

(i.e., obscure items located in the tail of the sales 

distribution) (Adomavicius and Kwon 2012). 

Nevertheless, incorporating diversity-enhancing 

techniques into RSs may be a pitfall causing issues 

with less accurate RSs (McGinty and Smyth 2003). 

Overall, a trade-off between RSs accuracy and 

diversity exists in a collaborative filtering.  

2.2. Paradox of Choice in Mobile Commerce 

From a psychology perspective, over-choice or 

choice overload is a cognitive impairment in which 

people have a difficult time deciding when faced with 

too many options (Schwartz 2004). This concept was 

first introduced by Alvin Toffler in his 1970 book. The 

popular theory - the Psychology Paradox of Choice 

was initially proposed by the American psychologist, 

Barry Schwartz in his book The Paradox of Choice, 

published in 2004. Prior studies on paradox of choice 

exist mostly in psychology fields and few papers 

investigate this theory in the mobile commerce 

context. Kinjo and Ebina (2015) study a specific 

example of this paradox with respect to consumer 

nonpurchase behavior and derive an optimal strategy 

for a firm selling goods or services for consumer 

purchase. Schwartz and Ward (2006) propose some 

facets, such as choice and happiness, freedom or 

commitment, and missed opportunities, to explain 

why people suffer from the choice overload. In sum, 

consumers facing too many choices may feel anxious, 

stressful, and unhappy because it takes more cognitive 

efforts for them to make the “best decision”. There is 

evidence from Schwartz (2004) showing that choice 

overload is detrimental to people’s emotional and 

mental well-being. 

2.3. Hypothesis Development 

Consumers receive benefits from RSs in three 

mechanisms – reduced search costs, the recall and 

retrieval process (i.e., recall a consumer’s memory by 

presenting a focal product), and a signaling effect (Lee 

et al. 2020). With lower search costs of acquiring 

product information (Brynjolfsson et al. 2011), 

consumers are more likely to make a purchase using a 

mobile device. Li et al. (2021) conduct a field 

experiment and find that the presence of RSs increases 

consumers purchase probability. Regardless of the 

status (i.e., pre-login or post-login), the RS works all 

the time. Since an RS can access consumers’ data such 
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as browsing and purchase histories, it is expected to 

recommend products to fit consumer preference better 

(Adomavicius and Tuzhilin 2005; Xiao and Benbasat 

2007; Li et al. 2021), leading to a higher likelihood of 

purchase. 

Although the search cost for users may be lower 

than that for user-visitors due to higher accuracy of 

RSs in the post-login period, pre-login search 

behaviors cannot be simply ignored. Beyond reduced 

search costs, RSs are able to trigger the recall and 

retrieval process which has been demonstrated to 

influence purchase decisions positively (Lee et al. 

2020; Bettman 1979; Lynch and Srull 1982). For 

example, based on what consumers viewed last time 

or purchase behavior, RSs can recommend a focal 

product and present related products (Linden et al. 

2003). Even though RSs cannot access user-visitors’ 

purchase histories and demographic information, RSs 

can recommend consumers with products based on 

their current search behaviors. Therefore, pre-login 

search effort can also increase consumers’ purchase 

probability. Moreover, many consumers may be 

advertently or inadvertently concerned with mobile 

platforms collecting their personal information once 

logged in, and thus choose to do most of their searches 

without logging into their account (i.e., pre-login 

search). 

Since RSs provide salient landing pages to a list 

of recommended products, these serve as 

decentralized signals of quality and potential demand, 

thereby enhancing the appeal of such products (Pathak 

et al. 2010; Lee et al. 2020). Such exposure may help 

consumers to “discover” more desirable items. Based 

on aforementioned arguments, we propose the 

following hypothesis. 

Hypothesis 1: Consumers’ purchase probability 

is not only positively associated with their post-login 

search efforts as users but also positively associated 

with their pre-login search efforts as user-visitors. 

Pre- and post-login search behavior can be 

different depending on the accuracy and diversity of 

the RS. A RS can access users’ purchase histories and 

demographic data, and thus can have more accurate 

recommendations for the users during the post-login 

period than for user-visitors in the pre-login period 

(Resnick and Varian 1997; Lee et al. 2020). As a 

result, consumers’ purchase decisions are more 

correlated with their post-login search than their pre-

login search. Using collaborative filtering algorithms, 

RSs can also present consumers who have logged in 

with a list of recommended products which have been 

viewed, searched or purchased by “similar” consumers 

in terms of gender, age, and other demographic 

characteristics. Such recommendations can be viewed 

as an indirect signal of quality (Linden et al. 2003), 

and can make the post-login search more influential on 

consumers’ purchase decisions. 

On the other hand, although RSs in the pre-login 

period may be less accurate and more diverse, pre-

login search effect could have a larger effect on 

consumer purchase than post-login search effort. First, 

less accurate RSs lead to a higher diversity of 

recommended products during the pre-login period. 

Because not all search visits are goal-directed with a 

planned purchase in mind, higher diversity of the 

recommended products means a higher probability 

that consumers find some previously-unthought-of 

products they like, which may not be recommended 

during the post-login period. Second, since the RS is 

more precise after consumers log in, it may 

recommend more products similar to the consumers’ 

focal products that they intend to buy. To select the 

“best” item among a larger number of similar 

alternatives, the comparison process could be more 

exhaustive. Consequently, users may need to spend 

more post-login search efforts in inspecting product 

attributes and comparing across the alternatives before 

making a purchase decision (Zhang et al. 2011). 

During this process, users are more likely to find 

drawbacks of the product they searched, which may 

hurt their desire to purchase this product. Thus, more 

post-login search efforts can have a negative effect on 

consumers purchases. In addition, users may get 

overwhelmed as a result of many similar products in 

the post-login period, leading to a lower likelihood of 

purchase for consumers. In sum, post-login search 

behaviors as users may have a smaller impact on their 

purchases than pre-login search behaviors as user-

visitors. 

Overall, whether consumers’ pre-login search 

efforts have a greater or smaller impact on their 

purchase probability than post-login search efforts 

remains an empirical question. Thus, we propose the 

two facets about consumers’ purchase probability as 

follows.  

Hypothesis 2a: Consumers’ purchase probability 

is more associated with their post-login search efforts 

as users than their pre-login search efforts as user-

visitors. 

Hypothesis 2b: Consumers’ purchase probability 

is more associated with their pre-login search efforts 

as user-visitors than their post-login search efforts as 

users. 

Search efforts increase the likelihood of 

consumers purchase directly and indirectly. With more 

search efforts, consumers are more likely to purchase 

because the probability of finding their targets is 

higher. Prior literature in psychology suggests 

affective connection between consumers and products 

built up by search efforts would increase the 
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consumers’ commitments to the products, inducing 

them to purchase (Traylor 1984; Beatty et al. 1988). 

Additionally, the consideration sets of consumers will 

become larger with more search efforts. Indeed, the 

results from Li et al. (2021) show that a larger 

consideration set could induce consumers to buy.  

On the other hand, over-search in either pre- or 

post-login period may cause consumers to be 

overloaded with choices and impair their desire to 

purchase. Consumers seek to maximize their utilities 

when making decisions (Schwartz 2004). However, 

too many options may reduce their utilities. Iyengar 

and Lepper (2000) implemented three experimental 

studies in both field and laboratory settings, where 

they arranged an array of 6 choices, 24 varieties or 30 

choices at a supermarket, and observed customer 

behavior. These experiments show that consumers are 

more likely to purchase when offered a limited array 

of 6 choices, rather than a more extensive array of 24 

or 30 choices (Iyengar and Lepper 2000), indicating 

that having more choices is not necessarily more 

intrinsically motivating than fewer choices. Therefore, 

as the number of choices increase, the marginal utility 

of consumers’ gain will decrease. We propose the 

following hypotheses on the second-order effects of 

search effort. 

Hypothesis 3a: Consumers’ purchase probability 

is increasing with pre-login search efforts as user-

visitors, but in a diminishing increasing rate.  

Hypothesis 3b: Consumers’ purchase probability 

is increasing with post-login search efforts as users, 

but in a diminishing increasing rate. 

Figure 2 illustrates our research framework and 

summarizes all hypotheses. 

 

 
 

Figure 2. Research Model. 

 

 
2 Apptopia's data intelligence platform enables brands to analyze 
critical competitive signals and gain insights across mobile apps 

and connected devices. 

3. Empirical Context and Data 

We collected data from a leading mobile 

commerce retailer that sells consumer products in 98 

countries with a focus on the Middle Eastern market. 

The retailer provides over 1500 new items added every 

day and has 16,950 monthly mobile app downloads 

according to Apptopia statistics. 2  We collected 

mobile clickstream data for all consumers’ activities 

from September 16, 2017 to September 18, 2017. 

Since there were no special promotions or significant 

changes on the mobile app affecting consumers’ 

search and shopping behavior during these three days, 

we can eliminate selection bias given our research 

questions.  

The mobile clickstream data record the 

consumers’ dynamic browsing and purchasing 

histories, including consumers’ activities on the app 

and the product information consumers viewed (e.g., 

login behavior, viewed product detail pages and 

product categories, time stamps for each activity, 

whether they searched for a product, whether they 

added a product to their shopping carts, what they 

purchased, how much they spent, etc.). We also 

obtained data on the consumers, such as consumers’ 

IP addresses, whether they are new app users during a 

specific period, and what app and mobile devices they 

use (i.e., app version, operating system version).  

The retailer has a free mobile app to facilitate 

consumer shopping on mobile devices. Figure 3 shows 

some screenshots of shopping pages in the app. When 

a consumer opens the mobile app, the first page is 

homepage where she can start her shopping tour. The 

consumer can either search for a specific product by 

keywords or browse by categories. Once the consumer 

finds any product she is interested in, she can click on 

the product to access the product detail page. After 

searching for a while, the consumer may choose to 

check out with the shopping cart or leave. It is 

important to note that consumers cannot make a 

purchase if they do not log in with their accounts. We 

focus on consumers who did not log in in the 

beginning but logged in during their shopping process. 

After logging in, a consumer’s status switches from 

user-visitor to user, although she may or may not make 

a purchase. Besides, we assume if a consumer is not 

active on the app for more than 1 day, the consumer’s 

shopping session is finished. Since we have 3-day 

data, we use the data for consumers who are active 

only on the second day because we cannot track their 

shopping behaviors prior to the first day or after the 
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third day. Our final dataset includes 3,481,329 

observations on consumers’ activities from 23,278 

consumers.  

 

 

 

 

 

 

 

 

 

 

                                            

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Screenshots of The Mobile App. 

 
3 Some consumers have spent too long, for example, more than 1 

hour, on one product detail page. It might be that these consumers 
have started to do something else or simply finished their shopping 

while keeping their shopping app on. The average time spent per 

4. Empirical Analysis 

4.1. Econometrics Models   

 We define the outcome variable PURCHASE as 

whether consumers have successfully checked out. 

Some check out attempts are not successful due to 

payment failure or unstable internet connections. 

PURCHASE is an indicator variable that equals to 1 if 

a consumer has successfully checked out, 0 otherwise. 

Our goal is to examine the different effects of pre- 

and post-login search behaviors on consumer 

purchases. We create our variables of interest 

measuring consumer search behaviors as follows. 

First, we consider the time spent on product detail 

pages to measure consumer search efforts. Following 

previous studies (Bucklin and Sismeiro 2009; Moe 

2003; Moe and Fader 2004), we exclude the time spent 

on administrative pages, such as account setting 

pages.3 The more search time consumers spend on 

viewing products, the more search efforts consumers 

make. We calculate the time a consumer spent on 

viewing product detail pages before she logs in 

(SEARCH_TIME_VISIT) and that after she logs in 

(SEARCH_TIME_USER). Second, following Zhang et 

al. (2022), we use the numbers of clicks on goods 

detail page views per consumer to measure consumer 

search intensity for both pre- and post-login periods 

(SEARCH_DEPTH_VISIT and 

SEARCH_DEPTH_USER), respectively. Third, we 

measure consumer search diversity by calculating the 

number of unique goods views per consumer in two 

periods (SEARCH_WIDTH_VISIT and 

SEARCH_WIDTH_USER), respectively.  

We control for product characteristics by 

including the average price of products (AVGPRICE), 

the number of brands customers have viewed 

(BRAND), the number of category level pages 

(CATEGORY_VIEW), the average number of unique 

products viewed per category (PRODCAT). All above 

control variables are calculated for pre- and post-login 

periods, separately. We also control consumer 

heterogeneity by including NEWUSER, an indicator 

variable that equals 1 if a customer registers a new 

account, and 0 otherwise. We test the VIF and there is 

no multicollinearity issue among variables. Table 1 

presents the summary of variables.  

 
 
 

product for user-visitors and users is 2 minutes and 12 minutes, 

respectively, thus we assume the maximum time a consumer can 
spend on a product page is 10 minutes. 

Checkout Page Before Login Login/Register Page 

Checkout Page After login 
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Table 1. Summary of Variables (N = 23,278) 

 
 

We construct Model 1 as shown in equation (1) to 

test our H1, H2a, and H2b:  

𝑃𝑈𝑅𝐶𝐻𝐴𝑆𝐸𝑖 =  𝛽0 + 𝛽1𝑋_𝑉𝐼𝑆𝐼𝑇𝑖 + 𝛽2𝑋_𝑈𝑆𝐸𝑅𝑖

+ 𝛾1𝐴𝑉𝐺𝑃𝑅𝐼𝐶𝐸_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾2𝐴𝑉𝐺𝑃𝑅𝐼𝐶𝐸_𝑈𝑆𝐸𝑅𝑖

+ 𝛾3𝑃𝑅𝑂𝐷𝐶𝐴𝑇_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾4𝑃𝑅𝑂𝐷𝐶𝐴𝑇_𝑈𝑆𝐸𝑅𝑖

+ 𝛾5𝐵𝑅𝐴𝑁𝐷_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾6𝐵𝑅𝐴𝑁𝐷_𝑈𝑆𝐸𝑅𝑖

+ 𝛾7𝐶𝐴𝑇𝐸𝐺𝑂𝑅𝑌_𝑉𝐼𝐸𝑊_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾8𝐶𝐴𝑇𝐸𝐺𝑂𝑅𝑌_𝑉𝐼𝐸𝑊_𝑈𝑆𝐸𝑅𝑖

+ 𝛾9𝑁𝐸𝑊𝑈𝑆𝐸𝑅𝑖 + 𝜀𝑖,                (1) 

where i denotes the consumer who have both pre- 

and post-login search behaviors, and 𝜀𝑖  is the error 

term. We have three variations of Model 1 with the 

combination of X_VISIT and X_USER being 

(SEARCH_TIME_VISIT, SEARCH_TIME_USER), 

(SEARCH_DEPTH_VISIT, 

SEARCH_DEPTH_USER), and 

(SEARCH_WIDTH_VISIT, 

SEARCH_WIDTH_USER), respectively. 

To test our H3a and H3b, we add the squared term 

for each independent variable and rewrite the equation 

(1) as equation (2) (Model 2): 

𝑃𝑈𝑅𝐶𝐻𝐴𝑆𝐸𝑖 = 𝛽0 + 𝛽1𝑋_𝑉𝐼𝑆𝐼𝑇𝑖 + 𝛽2𝑋_𝑈𝑆𝐸𝑅𝑖

+  𝛽3𝑋_𝑉𝐼𝑆𝐼𝑇𝑖
2

+ 𝛽4𝑋_𝑈𝑆𝐸𝑅𝑖
2          

+  𝛾1𝐴𝑉𝐺𝑃𝑅𝐼𝐶𝐸_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾2𝐴𝑉𝐺𝑃𝑅𝐼𝐶𝐸_𝑈𝑆𝐸𝑅𝑖

+ 𝛾3𝑃𝑅𝑂𝐷𝐶𝐴𝑇_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾4𝑃𝑅𝑂𝐷𝐶𝐴𝑇_𝑈𝑆𝐸𝑅𝑖

+ 𝛾5𝐵𝑅𝐴𝑁𝐷_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾6𝐵𝑅𝐴𝑁𝐷_𝑈𝑆𝐸𝑅𝑖

+ 𝛾7𝐶𝐴𝑇𝐸𝐺𝑂𝑅𝑌_𝑉𝐼𝐸𝑊_𝑉𝐼𝑆𝐼𝑇𝑖

+ 𝛾8𝐶𝐴𝑇𝐸𝐺𝑂𝑅𝑌_𝑉𝐼𝐸𝑊_𝑈𝑆𝐸𝑅𝑖

+ 𝛾9𝑁𝐸𝑊𝑈𝑆𝐸𝑅𝑖 +  𝜉𝑖 .                (2) 

Similarly, we have three variations of Model 2 with 

the combination of X_VISIT, X_USER, X_VISIT2, and 

X_USER2 being (SEARCH_TIME_VISIT, 

SEARCH_TIME_USER, SEARCH_TIME_VISIT2, 

SEARCH_TIME_USER2), (SEARCH_DEPTH_VISIT, 

SEARCH_DEPTH_USER, 

SEARCH_DEPTH_VISIT2, 

SEARCH_DEPTH_USER2), and 

(SEARCH_WIDTH_VISIT, SEARCH_WIDTH_USER, 

SEARCH_WIDTH_VISIT2, 

SEARCH_WIDTH_USER2), respectively.  

4.2. Empirical Results   

We estimate Model 1 and Model 2 using logit 

model. Table 2 presents estimation results for Model 

1. Results show that both pre- and post-login search 

efforts (including three measures) have statistically 

positive and significant impacts on consumers 

purchase. In column 1, the coefficient of 

SEARCH_TIME _VISIT is positive and significant 

( 𝛽1 = 0.00016, 𝑝 < 0.001 ), suggesting that if 

consumers increase their pre-login search time by 

1,000 seconds (i.e., about 17 minutes), the probability 

of their purchase will increase by 16%. The coefficient 

of SEARCH_TIME _USER is also positive and 

significant ( 𝛽2 = 0.00021, 𝑝 < 0.001 ), indicating 

that the likelihood of consumers’ purchase will 

increase by 21% if they increase their post-login 

search time by 1,000 seconds. Similarly in column 2, 

the coefficients of SEARCH_DEPTH _VISIT and 

SEARCH_DEPTH _USER are both positive and 

significant ( 𝛽1 = 0.0023, 𝑝 < 0.001; 𝛽2 =
0.00331, 𝑝 < 0.001). For SEARCH_WIDTH variable 

in column 3, we have similar results ( 𝛽1 =
0.0038, 𝑝 < 0.05; 𝛽2 = 0.00456, 𝑝 < 0.001 ). These 

results are consistent with our expectation that not 

only post-login search, but also pre-login search 

activities have a positive and significant influence on 

consumers’ purchase probability. Hence, our H1 is 

supported.  
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Table 2. Estimation Results for Model 1 

 
 

We use t-tests to test whether there is a significant 

difference between the effects of pre- and post-login 

search efforts. The test results (p = 0.377 for 

SEARCH_TIME; p = 0.1529 for SEARCH_WIDTH; p 

= 0.835 for SEARCH_WIDTH) cannot reject the null 

hypothesis 𝛽1 − 𝛽2 = 0, suggesting that the effects of 

pre-login search behaviors are at least as important as 

post-login search behaviors on consumers purchase. 

Neither Hypothesis 2a nor Hypothesis 2b is supported. 

Table 3 shows the estimation results of Model 2. 

All three dimensions of search efforts 

(SEARCH_TIME, SEARCH_DEPTH and 

SEARCH_WIDTH) in both pre- and post-login periods 

have a statistically positive and significant impact on 

their purchase, which are consistent with our results 

from Model 1. The coefficients of all squared terms 

are negative and significant. For example, the 

coefficient of search diversity before login 

(SEARCH_WDITH_VISIT) is 0.01889, while the 

coefficient of the squared term 

(SEARCH_WDITH_VISIT2) is -0.00006, indicating 

that the effect of pre-login search diversity on 

consumers purchase probability is increasing but at a 

diminishing rate. For post-login search behavior, we 

have similar results: the coefficients of 

SEARCH_WDITH_USER and 

SEARCH_WDITH_USER2 are 𝛽2 = 0.01975  ( 𝑝 <
0.001 ) and 𝛽4 = −0.00006  ( 𝑝 < 0.001 ), 

respectively. Hence, Hypotheses 3a and 3b are 

supported. 
 

Table 3. Estimation Results for Model 2 
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5. Conclusion and Future Research 

In this paper, we examine the effect of consumer 

pre-login and post-login search behavior on consumer 

purchase. Our results extend the burgeoning literature 

on consumer behavior in mobile commerce and offer 

novel insights in this field. Previous studies neglect the 

effect of pre-login search on consumers’ purchase 

probability. We empirically show that pre-login search 

behavior is as important as post-login search behavior. 

Furthermore, our results show that choice overload 

can pose a negative effect (i.e., cause anxiety, 

disappointment, and demotivation) on consumer 

purchase decisions so that they may give up their 

purchase. Less accurate RSs will not present 

consumers with too many similar and comparable 

products, which to some extent, alleviates consumers 

anxieties for making a choice. That is why the 

influence of users’ search efforts on purchase is not 

statistically greater than that of user-visitors’ search.  

Our findings have important managerial 

implications. The importance of pre-login search 

behavior can make a difference in RS design. For 

example, should the algorithm of RSs be as accurate 

as possible? How does a manager balance the accuracy 

and diversity of RSs? A tradeoff between accuracy and 

diversity is a heated debate in the RS field (e.g. Liang 

et al. 2006; Adomavicius and Kwon 2012). Chasing 

more accuracy in the RSs may not always be optimal 

for companies. It not only requires a large investment, 

but also incurs a cost which could narrow down the 

diversity of products recommended for consumers. 

Therefore, companies should carefully balance 

between the accuracy and the diversity of RSs. Besides, 

too many recommended similar items may cause stress 

for consumers when making a choice. Managers 

should take this potential psychological effect into 

account and design an adaptive algorithm of RSs. 

There are several limitations for this paper and a 

few future research directions we can explore. First, 

we only have three-day data. We do not observe long-

term effect of pre- and post-login consumer search 

behavior on purchase. Future research can obtain 

panel data to examine the long-term effects. Second, 

although we study the relationship between user-

visitors’ search behavior and their purchase 

probability based on the difference of the 

recommender system before and after login, we could 

not empirically examine the performance of RSs 

directly due to our data limitation. Empirical analysis 

on such difference of RSs performance would be an 

interesting avenue for future research. 
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