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The rise of e-commerce and the development of the digital environment has in recent years 

initiated the fields of digital- and marketing analytics to explain visitor purchasing behavior with 

quantitative data. It is well established that usability is a key component of a positive user 

experience. Therefore, a usability flaw may harm the user experience. 

 

This case study is conducted using statistical analysis methods with quantitative user data from 

a Finnish e-commerce store operating in the B2C market. In this paper, the store abandonment 

and time spent on a page is attempted to explain with the page loading time. This paper 

hypothesizes that long page loading time may cause the visitor to abandon the purchasing 

process before any interaction on the site in addition to causing the visitor to commit less time 

and engagement at the pages of the store. 

 

The relationship between page loading time and the likelihood of website abandonment was 

found to be mildly positive; one second increase in the average page loading time increases the 

odds of the visitor abandoning the store before any interaction with it by a factor of 1.1, but the 

abandonment could not be predicted accurately. The relationship between the page loading 

time and time spent on a page could not be determined to a significant degree, hence no 

predictions could be made. 
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Verkkokauppojen nousu ja digitaalisen ympäristön kehittyminen ovat viime vuosina luoneet 

digitaali- ja markkinointianalytiikan alat selittämään kävijöiden ostokäyttäytymistä 

kvantitatiivisella käyttäjädatalla. Tutkimuksissa on osoitettu, että käytettävyys on avainasemassa 

positiivisessa käyttökokemuksessa. Tästä syystä virhe käytettävyydessä voi luoda negatiivisen 

käyttäjäkokemuksen. 

 

Tämä tapaustutkimus on tehty käyttäen tilastollisia analyysimenetelmiä ja kvantitatiivisia 

vierailijatietoja B2C-markkinoilla toimivasta suomalaisesta verkkokaupasta. Tässä artikkelissa 

verkkokaupan hylkääminen ja sivulla vietetty aika yritetään selittää sivun latausajalla. Tässä 

tutkimuksessa luodaan oletus, että pitkä sivun latausaika voi saada vierailijan luopumaan 

ostoprosessista ennen minkäänlaista vuorovaikutusta sivustolla sen lisäksi, että vierailija sitoutuu 

tällöin sivustoon ja sen sivuihin vähemmän aikaan. 

 

Kausaliteetti sivun latausajan ja verkkosivuston hylkäämisen todennäköisyyden välillä todettiin 

olevan lievästi positiivinen; yhden sekunnin lisäys keskimääräisessä sivun latausajassa lisää 

todennäköisyyttä kaupan välittömästä hylkäämisestä kertoimella 1,1. Kuitenkaan tarkkoja 

ennusteita hylkäämisen tapahtumiseen ei voitu luoda. Tilastollisesti merkitsevää kausaliteettia 

sivun latausajan ja sivulla vietetyn ajan välillä ei voitu määrittää, joten ennusteita ei voitu tehdä. 
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1. Introduction 

During the past 20 years or so, digitalization and the Internet have brought about a massive boom 

in e-commerce and consequently online stores. E-commerce, or electronic commerce is the 

action of conducting business transactions, such as buying or selling of products and services 

through the Internet. Teriz (2011) estimated the global e-commerce sales at 150 billion USD in 

1999. To place the growth in scale, according to estimates by eMarketer (2019), the global retail 

e-commerce sales will surpass 4.2 trillion USD in 2020. Observing the total amount of sales, 

United Nations Conference in Trade and Development (2019) placed the global e-commerce 

transactions above 29 trillion USD in 2017. When inspecting the reasons behind this increase, the 

advancements of supporting technologies, such as mobile phones and cloud technology have no 

doubt enhanced the growth. While the share of consumer online shopping by personal computer 

has stayed relatively flat from 2015 to 2019 at around 20-23%, the use of mobile has increased 

from 10% in 2015 to 24% in 2019 (PwC, 2019). 

It is well known that users demand usability from a product or service to a high degree. Norman 

and Nielsen (2008) highlight that e-commerce sites should be built with usability as a critical 

aspect of the service. Nielsen (2012) also continues that efficiency is one of the components that 

form usability for the user and defines it as the efficiency to perform tasks on the site. Previous 

studies, such as from Chen & Macredie (2005), have determined usability heuristics for optimal 

customer experience on an e-commerce site. In a process model, Sutcliffe (2002) suggested 

usability as one of the driving factors of e-commerce site effectiveness, or the ability to perform 

a desired action, such as completing a purchase. De Bruijn et al. (2007) found a strong 

relationship between this effectiveness and its usability and user satisfaction on a website. Parker 

& Wang (2016) concluded that customer motivations to purchase were increased in sites that 

focused on efficiency and convenience. An Internet performance management company, Dyn, 

found in its survey that nearly 60% of online shoppers would prefer to find an alternative place 

to purchase, when encountering a slow-performing site. (Ecommerce News, 2015). Furthermore, 
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Hasan et. al (2009) highlighted bounce rate (the rate of user departure from the site) as a specific 

website metric for measuring problems of navigation on a site. 

However, current research indicates a gap for explaining the bounce rate. Hasan et. al did not 

factor in page or content loading time and found that it was “difficult to determine if a high 

bounce rate is due to content or design problems.”. While Stadnik & Nowak (2018) found that 

average page loading times and a store conversion rate (rate of buyers to visitors) were directly 

linked, they highlighted that further research is needed in different countries due to probable 

changes in tolerance and satisfaction.  

This paper aims to research the problems of high page loading times in the purchasing behavior 

of a visitor in a Finnish e-commerce store. The main research question is therefore formulated as 

follows: 

 

What are the effects of page loading times on purchase behavior? 

 

More specifically, in this paper, the effects of page loading time are used to explain the departure 

from the store and the time spent on that page. Firstly, the likelihood of website abandonment 

after experiencing high page loading time is studied. Afterwards, the time spent on a page after 

experiencing a high page loading time is researched. Therefore, the main research question is 

divided into the following sub-questions: 

 

What is the relationship between page loading time and website abandonment? 

What is the relationship between page loading time and time spent on a page? 

 

Several limitations are made in this paper, partly to narrow the scope of the research area and 

partly to increase the validity of the purchase behavior analysis. The research is conducted as a 

case study of a Finnish e-commerce store operating in business-to-consumer sector, offering one 

well-being product to Finnish consumers. Furthermore, the customer purchasing journey is 

limited to the online store itself. Variables, such as need recognition, pre-purchase activities 
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outside of the store, prices are not accounted for in this paper, therefore slightly decreasing the 

validity of the results. Further limitations on the data and measurability, as well as an inspection 

on the case company, are highlighted in Section 3.3.  

2. Theoretical framework 

 

This paper utilizes theories from the fields of purchasing behavior and user experience and 

usability. This section is composed in the following manner: First, an overview of purchasing 

behavior and the current state of research in the field is formed. Second, the purchasing behavior 

theories are applied to the field of user experience and usability to compose an underlying, 

theoretical structure of visitor behavior in the context of an online store. 

 

2.1 Purchasing behavior 

 

Purchasing behavior is linked to consumer behavior. Kardes et. al (2009, p. 7) describe the term 

consumer behavior to consist of "all activities associated with the purchase, use and disposal of 

goods and services, including the consumer's emotional, mental and behavioural responses that 

precede or follow these activities.". These days purchasing behavior is seen as an ongoing process 

consisting of actions also taken before and after the purchase. However, consumer behavior has 

previously also indicated a focus on the behavior at the time of purchase. (Solomon et. al, 2006).  

The most widely accepted model of a purchasing decision, popularized by Engel et al. (1968), 

consists of five stages; need recognition, information search, evaluation of alternatives, purchase 

decision and post purchase behavior.  

 

Marketers aim to understand consumer decisions leading to a purchase. Marketing research had 

traditionally relied on economics but began to transform towards behavioral science due to a 

couple influential papers criticizing the field for not adopting behavioral science research 

methods (Tadajewski, 2009). Solomon et. al (2012) point out research approaches that explain 
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purchasing behavior through observations (eg. purchase rates) or concepts (eg. attitudes). A 

behavioral approach highlights that observations should be linked to the attitudes to explain why 

the said observations (ie. purchase rate) happen in the first place.   

 

The digital environment has solved some problems regarding this observational approach to 

purchase behavior. The possibility for digital measurements has improved the tracking of the 

customer journey, overcoming the issue of measurability faced with onsite stores (Hennig-

Thurau et al., 2010). In the age of digital media, a purchasing process can generally be viewed as 

a more complex loop in which customers compare competing alternatives in an iterative manner 

during the decision-making process (Court et. al, 2009). Furthermore Solomon et al. (2012) 

highlight that consumers undergo a more vigorous information search when making a purchasing 

decision on more expensive, or less frequently bought products. Hausman & Siekpe (2008) found 

that the behavior of online shoppers is motivated by cognitive reactions towards the online 

store’s design features. Therefore, a look into site features that define its usability and past 

research on the link between usability and user experience topic is warranted. 

 

2.2 Usability and user experience 

 

The general link between usability and positive user experience is well established. Usability is 

one of the most, if not the most important characteristic of a web site, especially in e-commerce 

environment (Najjar, 2005; Nielsen & Norman, 2008). ISO, or International Organization for 

Standardization (2009, p. 2) defines usability as “extent to which a system, product or service can 

be used by specified users to achieve specified goals with effectiveness, efficiency and satisfaction 

in a specified context of use.” In a website, the previously mentioned five stages of purchasing 

process are affected by usability and functionality of the site (Huang & Benyoucef, 2017). For 

instance, Lewis (2012) and Sauro (2010) established a strong positive correlation between 

perceived usability of a site and the likelihood of recommending a product. User experience, on 

the other hand, is defined by ISO (2009, p. 2) as "a person's perceptions and responses that result 

from the use or anticipated use of a product, system or service". The growing interest towards a 
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more holistic view on motivations in user experience can partly be attributed to human-computer 

interaction becoming increasingly prominent in everyday life and activities through technological 

advancements, such as mobile and cloud technology. A critical goal of conducting research 

around user experience is to establish a connection between a design and behavior (Sauro, 2013). 

As with purchasing behavior, user experience incorporates the user’s feelings, values, and 

attitudes as driving factors behind the responses from using the product or service. Forlizzi & 

Battarbee (2004) emphasize that emotion is an essential component of user-product interaction. 

Furthermore, if the actual use of the product confirms the user’s expectations of using the 

product, the user feels satisfied (Ortony & Clore, 1988). 

 

Effectiveness, efficiency, and satisfaction are the building blocks of website usability. 

Effectiveness is the degree to which online users achieve their goals, or the fulfilled functionalities 

that are expected. For instance, if the user’s goal is to purchase a product and they achieve it, 

the store was effective. The resources that the user must use to fulfill these goals is called the 

efficiency. The efficiency can be called the time or effort to purchase the product. Shneiderman 

(1998) refined the definition of efficiency to be specifically about the speed of performance. 

Satisfaction is defined as to what degree the user feels comfort and acceptability on the website. 

If the store included support systems, such as customer service and privacy, the user feels 

satisfaction. (ISO, 1998, Lee & Kozar, 2012)  

 

A performance speed flaw can trigger an emotion of frustration causing the user to abandon the 

store altogether. Suchman (1987) expressed a phenomenon where human plans of action often 

change in the face of a newly experienced emotion, causing the plan of action to be re-assessed. 

Forlizzi & McCormack (2000) found that users of a wearable device were inclined to abandon the 

use of the product in frustration if fluency in using it was not attained early on. The same 

principles of frustration causing the abandonment of the product can be applied to the context 

of a user navigating through an online store. Dissatisfaction tends to increase, when the 

perceived waiting time increases (Katz et al., 1991). Therefore, if a user expects the page to load 

in a pre-disposed timeframe and it does, the user should get a positive user experience out of 
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using the site. Maister (1985) found that an efficient and comprehensive service process can be 

invalidated by a long waiting time. Online store purchasing experience should be therefore 

organized in a manner that produces the least amount of perceived waiting time between 

actions. Table 1 highlights figures from current research from Google regarding website users’ 

expectations towards certain performance delays or loading times. In a Google article, Kearney 

et. al (2019) suggest that users start to lose focus on the task they are performing when the page 

is loading for longer than 1000 ms or 1 second. Most expectations of site loading time fall 

between 300 and 1000 ms and anything above 10 seconds causes frustration or task 

abandonment. This suggests that the users of an e-commerce site should feel a sense of 

satisfaction at 1 second or less and loading times above that might cause them to abandon the 

site and the purchasing process. Nah (2007) found that a tolerable waiting time for a web user 

was approximately 2 seconds. However, given that average loading times were most likely slower 

13 years ago due to bandwidth limitations, the most recent finding of 1 second can be conceived 

as a reasonable benchmark. 

Table 1. User Perception of Performance Delays (Kearney et. al, 2019) 
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2.3 Research hypotheses 

 

The theoretical framework suggests a relationship between a site’s efficiency or speed of 

performance and visitor behavior. Findings by Suchman (1987) and Forlizzi & McCormack (2000) 

suggests that frustration can cause the plan to be re-evaluated and focus shifted elsewhere. For 

instance, if a user arrives to the online store from search engine (ie. Google) and is intending to 

read more information about a product, frustration can shift the focus back to the search engine. 

Furthermore, considering that Katz et al. (1991) found a positive relationship between perceived 

frustration and waiting time and the supporting research by Kearney et. al (2019) in the context 

of an online store, a long page loading time may cause the visitor to abandon the purchasing 

process. The research hypothesis for the first research question is therefore formulated as 

follows: 

 

H1: Page loading time is positively associated with website abandonment. 

 

In addition, long page loading time may cause the visitor to commit less time to the purchasing 

process and engagement with the website, such as information seeking. Maister (1985) proposed 

that even an otherwise fluent purchasing process can be invalidated by a long waiting time. This 

suggests that even if the visitor does not decide to abandon the store at the beginning, the high 

page loading time may cause unwanted frustration later and the purchasing process can be 

disrupted prematurely. Therefore, the hypothesis for the second research question is defined as 

follows. 

 

H2: Page loading time is negatively associated with the time spent on a page. 
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3. Methods and material 

 

Digital analytics and session analysis form the fundamental methods for this research paper. This 

paper is conducted as a case study with a quantitative analysis, utilizing logistic- and linear 

regressions. In this paper, the behavior of store abandonment and time spent on a page is 

observed through user data and attempted to explain with a usability flaw on the site. 

 

3.1 Digital Analytics 

 

This digital analytics environment forms the foundation for the material use in the study. The 

digital advances in technology has enabled the emergence of new fields of marketing. Along with 

the growth of the digital environment, new disciplines of marketing, such as web- and its often 

quite synonymous digital analytics have emerged. Järvinen (2016, p. 19) quotes the Web 

Analytics Association 2008 definition of web analytics as “measurement, collection, analysis and 

reporting of Internet data for the purposes of understanding and optimizing Web usage.” Despite 

the term “web analytics” losing popularity since around the year 2009, according to Google 

Trends, its often-synonymous terms “digital analytics” and “marketing analytics” are on a steady 

rise (Google Trends, 2020) indicating a growing interest to explain purchasing behavior with 

quantitative data. 

 

Since this study relies on data acquired by Google Analytics, the key concepts, metrics, and 

processes of the software are important to understand. A session is defined as a group or a 

container of interactions in a website in a particular time frame. One user can undergo several 

sessions throughout the day, week or even a year. A session traditionally ends within 30 minutes 

of inactivity on the site. When the user clicks or interacts with any element on the website, the 

session expiration is reset back to 30 minutes. In Figure 1, Google Analytics visualizes two sessions 

from the same user with a time-based expiration. In this case, the user arrives to the homepage 

and the first session begins, they move to the product page and leave for 31 minutes with the 
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page open, during which time the session expires. A new session begins when the user interacts 

with an element and adds the product to the cart. (Google Analytics, 2020) 

 

 

Figure 1. Visualizing the definition of a session and its expiration (Google Analytics, 2020) 

 

It is also important to define the term bounce. A bounce is a single-page session that lasted for 0 

seconds. In other words, the user exited the store without any interactions on the site.  A session 

is calculated as a bounce only if the page is the first page of the session. (Google Analytics, 2020) 

For instance, if a user lands on homepage and leaves immediately, that session is calculated as a 

bounce. Therefore, a non-bounce session is a session which resulted in at least one interaction 

with the site. 

The same user can be expected to experience multiple loading times on the site during multiple 

sessions. Therefore, a session-centric, rather than user-centric analysis is appropriate. However, 

the time-based expiration can pose validity concerns, since while technically the user is 

conducting one purchase process it can be recorded as two separate sessions, as shown in Figure 

1. 

The procedure in which Google Analytics records data from sessions is not consistent. This means 

that the page loading time or time spent on a page are not recorded on every session. Even when 

they are, they are not both necessarily recorded for the same session. The time spent on a page 

metric experiences the flaw that Google Analytics retains the counting of the time spent on a 

page, even if the user does not interact with it (i.e. the page is in a hidden tab on the browser). 
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Naturally, only one loading time and no time spent on a page is recorded for bounced sessions 

since they are single-page sessions. 

Furthermore, in Google Analytics, these metrics can be recorded multiple times in one session 

when the visitor navigates through different pages. For instance, when a visitor arrives on the 

site, page loading time and time spent on a page can be recorded individually on the landing 

page, product page and checkout page, resulting in three observations from only one session. 

Therefore, the average page loading time and average time spent on a page are appropriate 

metrics for this study. Average page loading time is an aggregated mean of all the page loading 

times that Google Analytics recorded from an undetermined sample set of either one session or 

multiple sessions. Google Analytics (2020), defines this metric as follows: “The average time (in 

seconds) pages from the sample set take to load, from initiation of the pageview (e.g., a click on 

a page link) to load completion in the browser.”. Average time spent on a page is defined as the 

“average time users spent viewing this page or a set of pages.”. This page or pages are undefined; 

therefore, it is to be expected that this metric is determined in a similar fashion: by aggregating 

the mean of a sample set of multiple sessions or one session into one recording.  

 

3.2 Logistic and linear regressions  

 

The empirical research is conducted using logistic and linear regressions for their suitability as 

methods for conducting research with quantitative data and providing appropriate results for the 

research questions of this paper. 

 

Logistic regression is used in the research question: What is the relationship between page 

loading time and website abandonment? In the logistic regression the independent variable is a 

continuous variable, and the dependent variable is categorized to receive values “yes” or “no”. 

Logistic regression is an appropriate for this research problem since it is a suitable method for 

binary classification problems. This study aims to estimate the classification of a session resulting 

in a website abandonment or in further interaction with the site given an input of a page loading 
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time. In addition, this relationship’s sign and strength are evaluated. Meaning whether the 

relationship is positive or negative and to what degree. 

 

Logistic regression aims to predict the correct classification given an input of an independent 

variable. For logistic regression, the categorical values are divided as: non-bounce and bounce. 

The logistic regression function to estimate the probabilities is presented as a Sigmoid Function: 

 

𝑝(𝑥) =
1

1+𝑒−(𝛽0+ 𝛽1𝑥)     (1) 

 

In this function 𝛽0 is the intercept and 𝛽1 is the coefficient for the independent variable. This 

function returns values between 0 and 1, indicating the probability that the sessions is classified 

as a bounce (bounce = 1) when given an input of a page loading time (x). Maximum Likelihood 

Estimation method is used to build a model and estimate the coefficients and standard errors. It 

is important to ensure that both categories in the dependent variable have a large enough and 

approximately equal sample size. 

 

The research question: What is the relationship between page loading time and time spent on 

page? is aimed to be answered with a linear regression. In linear regression both the independent 

variable, and the dependent variable are continuous variables of ratio scale.  

When preparing the material for the linear regression, it is important to include only the sessions 

in which page loading time and time spent on page were recorded. When the variables are 

measured from the same session, accurate results of the relationship are achieved. 

 

The univariate linear regression aims to find a linear relationship between two variables. In this 

study, the variables are the average page loading time and the average time spent on a page. The 

former is used as the independent variable in explaining the changes in the latter. The simplest 

linear regression model is in the following form: 

 

𝑦(𝑥) =  𝛽0 + 𝛽1𝑥 + 𝜖     (2) 
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As with the parameters of the logistic regression model, the 𝛽0 is the intercept term, or the 

constant and the 𝛽1 is the coefficient for the independent variable x. In addition, an error term 

𝜖 is included in the model which consists of the residuals or the unknown determinants of y. 

3.3 Material 

 

The case company is an e-commerce store operating in the well-being sector and providing one 

product of a few different varieties to the Finnish market. The product can be categorized as a 

relatively high end, durable good with a high focus on branding. Therefore, the store is optimized 

to the sole purchase of this one product and the visitors are expected to show interest in only 

this one product. In this section, the dataset provided by the case company is divided into two 

data frames. Then, an overview on the two data frames is conducted. 

 

The dataset used is provided from 1st of January 2019 until 16th of November 2020. From this 

period, the average page loading time is recorded by Google Analytics 824 times, out of which 

349 were in non-bounce sessions and 475 were in bounced sessions. The average time spent on 

a page is technically recorded 20 362 times at the forementioned period, however vast majority 

of these observations return a missing value. Therefore, missing values treatment must be 

conducted for these observations. 

 

The material is distributed into two data frames called logistic and linear. These data frames are 

used in their respective regressions. In logistic the observations are not necessarily individual 

sessions but can include subsets of a few sessions. In linear the observations are individual 

sessions. 

 

The logistic data frame consists of 824 observations or recordings and three variables, which are 

dateHourMinute, bounced and avgPageLoadTime. The data frame is arranged according to the 

variable dateHourMinute, which indicates the date, hour, and minute when the recording 



13 
 

happened in a time format. The bounced variable is a factor variable receiving values “yes” or 

“no”, indicating whether the session in which the page loading time was recorded resulted in a 

bounce. The variable avgPageLoadTime is of ratio scale and indicates the average loading time 

in seconds of a set of page loading times.  

 

After removing missing values and only including the recordings in which both the average time 

spent on a page and average page loading time were recorded, the linear data frame consists of  

278 observations with three variables:  dateHourMinute, avgPageLoadTime and 

avgTimeOnPage. The variable avgPageLoadTime has values in the same format as in the logistic 

data frame, however they are not necessarily the same values, since the observations which did 

not also include the time spent on a page are omitted for the linear regression. The variable 

avgTimeOnPage is likewise expressed in seconds expressing the average time spent on a page. 

 

4. Results 

 

After omitting missing values and dividing the dataset, the logistic and linear data frames are 

ready to be used in a statistical analysis. First, exploratory data analysis and logistic regression is 

conducted for the first research question and then exploratory data analysis and linear regression 

is performed for the second research question. Lastly, the findings from both methods are 

summarized into a joint conclusion and the research hypotheses are evaluated.  

4.1 Logistic regression 

 

The goal of the logistic regression is to answer the research question: “What is the relationship 

between page loading time and website abandonment?” with the research hypothesis: “H1: Page 

loading time is positively associated with website abandonment.” First, exploratory data analysis 

is conducted. Secondly, the logistic regression model is estimated with the Maximum Likelihood 
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Estimate (MLE) method and the model’s fit and predictive power are evaluated. Lastly, the model 

is used as a classifier for predicting website abandonment. 

 

The regression is a binary logistic, since the dependent variable is a categorical variable bounced, 

which receives values “yes” (bounce = 1) or “no” (non-bounce = 0) indicating whether the session 

was a single-page session without any interaction on the site or not. The independent variable is 

avgPageLoadTime, a continuous variable indicating the average page loading time of that session 

in seconds. 

 

Figure 2 highlights the distribution of page loading times between the two categories in a boxplot. 

There appears to be large disparities among the recorded page loading times, whether the 

session was a bounce or not. However, most of the observations appear to have had a page 

loading time less than 20 seconds. 

 

 

Figure 2. Distribution of page loading times between non-bounce and bounced sessions. 
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The number of observations, as well as minimum, maximum, median, and mean page loading 

times for both categories are provided in Table 2. In addition, the p-value for Mann-Whitney-

Wilcoxon test is provided. There are 475 observations in the bounced category and 349 

observations in the non-bounced category. Both, the median and mean average page loading 

times are approximately 0.7 seconds higher in the sessions that resulted in a bounce. 

Furthermore, the mean is approximately 1 second higher than the median in both categories. 

Mann-Whitney-Wilcoxon test was performed since it is assumed that the bounced and non-

bounced categories are from distinct populations and are not affected by each other. The null 

hypothesis is that both populations have an equal distribution. At 5% significance level the null 

hypothesis is rejected; the average page loading time in bounced and non-bounced categories 

are from non-identical populations, indicating a difference between them. 

 

Table 2. Page loading time numerical statistics between bounced and non-bounced sessions. 

 

 Obs Min (s) Max (s) Median (s) Mean (s) M-W-W (p-value) 

Bounced 475 0.42 71.63 2.71 3.77 2.363e-10 

Non-bounce 349 0.39 49.84 2.16 3.01 2.363e-10 

 

Very high page loading times appear in both categories and they might generate unwanted 

results since they skew the mean of the loading times high, without providing any additional 

information to the results of this study. For instance, page loading times higher than 20 seconds 

are highly unusual. Therefore, testing for outliers and omitting the potential outliers from this 

study is warranted.  

 

Generalized Extreme Studentized Deviate (ESD) is an appropriate statistical test since it can test 

for multiple outliers. The null hypothesis (H0) for the one-sided test is that the largest values are 

not outliers. The alternative hypothesis (H1) is that they are outliers. Significance level is set at 

0.05 (5%). The Generalized ESD requires that the maximum number of observations to be tested 

for is set manually. For both categories, a page loading time above 20 seconds is included in the 
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test without losing critical information that might be embedded in high page loading times. For 

non-bounced category, the number of outliers to be tested for is 2 and for bounced category it 

is 6. The GESD test results are highlighted in Appendix 1. The test for both categories results in 

highly significant p-values (p-value < 0.05) for all tested outliers. Therefore, the null hypothesis is 

rejected on both categories at 5% significance level for all outliers; the largest values are outliers. 

As a result, the two highest values on non-bounced category and six largest values on bounced 

category are omitted. The new logistic data frame consists of 816 observations from which 347 

are non-bounced sessions and 469 are bounced sessions. The histogram distribution of this new 

data frame and numerical statistics are highlighted in Appendix 2 and 3, respectively.  

 

4.1.2 Model 

 

The model that produced the Maximum Likelihood Estimates was found after 4 iterations. The 

full output of the model is presented in Appendix 4. The coefficients estimated by the MLE 

method are presented in Table 3. The Estimate is the estimated coefficient in the form of 

probability. The model estimates the intercept coefficient at nearly 0 with a standard error of 

0.12. The estimated slope for avgPageLoadTime is 0.1 and its standard error is 0.03. 

 

Table 3. Maximum Likelihood Estimated coefficients and statistical significance. 

 Estimate Std. Error z-value p-value 

Intercept -0.002 0.124 -0.012 0.990 

avgPageLoadTime 0.099 0.034 2.893 0.004 

 

The coefficients estimated by the MLE method are input to the logistic regression model equation 

(1). The equation calculates the probability of the session being a bounce when given an input of 

average page loading time (x). The proposed logistic regression model takes the following form: 

 

𝑝(𝑥) =
1

1+𝑒−(0.1𝑥)
     (3) 
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For instance, when inputting the mean of the average page loading times (x = 3.1), the probability 

that the session will be a bounce is 0.576. The model’s fit is evaluated by making a comparison 

of it to an intercept-only-model or a null model. The model’s fit is first evaluated with a Wald’s 

test and then with a likelihood ratio test. 

 

The null hypothesis for the Wald’s test is that the estimated slope coefficient is 0 and the 

alternative hypothesis is that the coefficient is not zero. The results of the test are presented 

alongside the coefficients in the Table 3. The z-value is a test statistic acquired from the test and 

usually, a larger than standard deviation of 2 rejects the null. For the slope coefficient, the z-value 

is higher than 2 standard deviations: indicating statistical significance. This is confirmed by the 

small p-value of 0.004. Therefore, the null hypothesis on estimating the coefficient for 

avgPageLoadTime is rejected at 1% confidence level (𝛽1 ≠ 0). The null hypothesis is supported 

on the intercept, so the coefficient is estimated to be zero. This test result suggests that the 

proposed model fits better than a null model, therefore the independent variable has predictive 

power. In detail, expressed in odds-ratio terms, one second increase in the average page loading 

time increases the odds of the session being a bounce by a factor of 1.1. The odds-ratio and its 

confidence intervals are highlighted in Appendix 5. 

 

The likelihood ratio test also measures whether the proposed model with predictors fits the data 

better than a null model. The null- and residual deviances are presented in the full output of the 

model in Appendix 4. Null deviance tells how well an intercept-only model explains the data, 

while residual deviance tells how well the proposed model explains the data. The difference 

between these deviances is the test statistic (Chi-squared) for the likelihood ratio test and the 

degrees of freedom is the difference between the number of parameters between the proposed- 

and null model. 

The results of the likelihood ratio test are presented in Appendix 6. The null- and residual 

deviances are 1103.6 and 1112.9, respectively. The Chi-squared is calculated at 9.3 and degrees 

of freedom at 1. The calculated p-value is 0.002 indicating that the proposed model with the 
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avgPageLoadTime fits the data better than a null model. Furthermore, the log-likelihood is a 

largely negative number at -551, indicating a good fit for the proposed model.  

 

4.1.3 Classifications 

 

After concluding that the model fits better when including the independent variable 

avgPageLoadTime, classifications on whether the session resulted in a bounce or a non-bounce 

can be performed. The cutoff point in which the classification occurs is set at 0.5, therefore the 

system of equations for the classification is defined as follows: 

 

     𝐶(𝑥) =  {
1   𝑝(𝑥) > 0.5

0   𝑝(𝑥) < 0.5
     (4) 

 

The C denotes the predicted classification, and it receives the value of 1 (the session is a bounce) 

when the predicted probability of avgPageLoadTime is higher than 0.5 and 0 when the probability 

is less than 0.5. The accuracy, sensitivity and specificity metrics are calculated as follows: 

 

 

 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁+𝑇𝑃

𝑇𝑁+𝑇𝑃+𝐹𝑁+𝐹𝑃
     (5) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

In these equations true negative, or the observations correctly as negative is denoted as TN, true 

positive as TP, false negative as FN and false positive as FP. Accuracy is the ratio of all correct 

classifications to all classifications, sensitivity is the ratio of correct positive classifications (the 

session was correctly classified as a bounce) and all positive classifications and specificity is the 
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ratio of correct negative classifications (the session was correctly classified as a non-bounce) and 

all negative classifications.  

 

Table 4. Confusion matrix of actual and predicted classifications. 

 

 Actual Bounce Actual Non-bounce 

Predicted Bounce 170 (TP) 93 (FP) 

Predicted Non-bounce 299 (FN) 254 (TN) 

 

The confusion matrix of the actual and predicted classifications is highlighted in Table 4. Accuracy, 

sensitivity, and specificity for the model’s classifications are 0.519, 0.362 and 0.732, respectively. 

The model was able to correctly classify the session 52% of the time. Out of those sessions that 

resulted in a bounce, the model correctly classified only 36% and out of those sessions that 

resulted in a non-bounce, the model classified correctly 73%.  

These results can be highly attributed to chance. Accuracy is nearly 50%, which is the expected 

probability of a binary probability when the sample size grows large enough. The model seems 

to better at correctly classifying the non-bounce sessions than the bounce sessions, however this 

occurred most likely due to the fact that it classified most of the sessions as non-bounce, hence 

increasing the accuracy. 

 

Receiver Operating Characteristic Curve (ROC-curve) is a curve that visualizes the sensitivity (True 

Positive Rate) against specificity (1 – False Positive Rate, in this case) on multiple cutoff points. 

The metric Area Under Curve (AUC) measures the accuracy of the classification. The higher the 

AUC, the better the classification. The closer the graph is to the diagonal where TPR = FPR, the 

more the classifier can be interpreted as a random classifier without any accuracy. 

The model classifier ROC-curve is presented in Figure 3. The classifier produces a graph that is 

close to the baseline diagonal, which results in a low AUC. However, it is not completely on the 

baseline indicating that the classifier is accurate to some degree, 63% to be exact. 
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Figure 3. ROC-curve and Area Under Curve for model classification of sessions. 

 

4.1.4 Conclusion 

 

The goal of the logistic regression was to provide an answer to the research question What is the 

relationship between page loading time and website abandonment. The research hypothesis was: 

H1: Page loading time is positively associated with website abandonment. 

 

Including the average page loading time as an explanatory variable, produces higher likelihood 

of explaining the session outcome than not including it. This means that the average page loading 

time has explanatory power which cannot be attributed to randomness or chance. One second 

increase in the average page loading time increases the odds of the session being a bounce by a 

factor of 1.1. However, the model has a low accuracy in predicting the outcome of the session. 

The model was able to predict that the visitor will abandonment the website correctly only 36% 

of the time. On the other hand, it had an 73% accuracy in predicting that the visitor will not 
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abandon the site. Furthermore, the model classified majority (68%) of the sessions as a non-

bounce, when non-bounces were, in fact, the minority (43%) of the sessions. 

 

As a conclusion, the research hypothesis is supported. The average page loading time and the 

likelihood of website abandonment seem to be mildly positively related. When the average page 

loading time increases, the odds of the session being a bounce increase. The relationship 

between the page loading time and website abandonment is mildly positive, but the correct 

classification accuracy is low. 

 

4.2 Linear regression 

 

 

The goal of the linear regression is to answer the research question What is the relationship 

between page loading time and time spent on a page? with the research hypothesis: H2: Page 

loading time is negatively associated with the time spent on a page. First, exploratory data 

analysis is conducted on the data, then using the OLS method, the coefficient estimators are 

determined, and the model fit as well as the predictive power is evaluated. 

 

The analysis is conducted as a univariate Classic Linear Regression (CLRM) which assumes that a 

linear relationship exists between the explanatory- and explained variable. Ordinary Least 

Squares (OLS) method is used to find the coefficient estimates. The avgPageLoadTime serves as 

the independent variable and it is used in explaining the changes in the dependent variable, 

avgTimeOnPage. 

 

The relationship between the explanatory and response variable is highlighted in Figure 4, where 

the average page loading time is plotted against the average time spent on a page. The 

observations seem to fan out at the extremes, showing that the variance is higher in the larger 

values. This might be an indication of a heteroskedasticity problem. In the sessions with a page 

loading time higher than approximately 6 seconds, most of the times spent on a page fall below 
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100 seconds, In the sessions with a loading time less than 6 seconds, the time spent goes up to 

700 seconds on multiple occasions. In addition, there are potential outliers: one session with a 

page loading time of 50 seconds and five session with a time on a page higher than 1000 seconds. 

 

 

 

Figure 4. Relationship between page loading time and time spent on a page. 

 

The minimum, maximum, median, and mean for both variables are provided in Table 5. In 

addition, their correlation coefficient is provided; there is no correlation between the variables. 

The mean of the average time on page recordings is nearly three times higher than the median, 

indicating that the very high values could skew the mean. Outlier treatment is therefore 

warranted for this data frame as well. 
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Table 5. Numerical statistics on average page loading time and time spent on a page. 

 

 Min (s) Max (s) Median (s) Mean (s) Corr. coeff. 

avgPageLoadTime 0.45 49.84 2.27 2.99 0.03 

avgTimeOnPage 1.50 1783.00 33.00 92.70 0.03 

 

GESD test is again used for this dataset, with the null hypothesis that the largest values are not 

outliers. All 5 potential outliers higher than 1000 seconds in avgTimeOnPage and the one value 

with avgTimeOnPage of 50 seconds are included in the test. It can be reasoned that no critical 

information about the purchasing behavior is not lost by omitting these potential outliers. 

The GESD results are highlighted in Appendix 7. The test for both variables results in highly 

significant p-values (p-value < 0.05) for all tested outliers. Therefore, the null hypothesis is 

rejected for all tested values; the largest values are outliers, and they are omitted. The new linear 

data frame consists of 272 observations. The numerical statistics of the new data frame are 

highlighted in Appendix 8. The mean decreased for both variables, but more significantly for 

avgTimeOnPage, to 69.61. The correlation coefficient increased to 0.11. 

 

 

4.2.2 Model 

 

The coefficients estimated by the OLS method are presented in Table 6 and the full output of the 

model is exhibited in Appendix 9. The Estimate is the estimated coefficient. The model estimates 

the intercept coefficient at 53.59 with a standard error of 11.13. The estimated slope for 

avgPageLoadTime is 5.66 and its standard error is 3.06. 

 

Table 6. Ordinary Least Squares estimated coefficients and statistical significance. 

 Estimate Std. Error t-value p-value 

Intercept 53.585 11.131 4.814 0 

avgPageLoadTime 5.661 3.062 1.849 0.066 
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The coefficients estimated by the OLS method can be inputted to the CLRM equation (2). 

According to the model, when the page loading time increases by one second, the time spent on 

a page increases by 5.66 seconds. The estimated coefficients indicate a positive relationship 

between the average page loading time and average time spent on a page. The proposed linear 

regression model takes the following form: 

 

𝑦(𝑥) =  53.585 +  5.661𝑥 + 𝜖     (6) 

 

The linearity of the model must be tested since it assumes that avgTimeOnPage is linearly 

dependent on the avgPageLoadTime.  Figure 5 indicates that the relationship seems to be non-

linear. The fitted values should be equally distributed along both sides of the actual values on the 

diagonal. However, the blue line indicates a curved form of fitted values. 

 

 

Figure 5. Visualizing linearity by plotting the model fitted values against the actual values. 
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Since the relationship seems to be non-linear, number of assumptions about the error term must 

be made. These assumptions confirm that the estimated coefficients determined by the OLS are 

BLUE (Best Linear Unbiased Estimators).  Appendix 10 displays multiple assumptions about the 

residuals in a graphical output. Plotting the residuals and their standardized values against the 

fitted values suggests that the residuals are not randomly distributed, indicating a possible 

problem of heteroskedasticity. Breusch-Pagan and Goldfeld-Quandt tests for heteroskedasticity 

are conducted, both with the null hypothesis that the error term variance is constant 

(homoskedasticity). The null hypothesis is supported on both tests with p-values of 0.46 and 0.79; 

the residuals have a constant variance. Furthermore, the time sequenced residual plots show 

that the residuals are not dependent on their past values, indicating non-stochasticity. In 

addition, the mean of the residuals is close to zero (-1.7e^-15) and there is no relationship 

between the errors and the explanatory variable (9.5e^-15). Therefore, the estimators 

determined by the OLS are BLUE. However, the residuals are not normally distributed as can be 

observed from the residual histogram and the Normal Q-Q plot. This means no presumptions 

about the population coefficients can be made. Therefore, the proposed equation is not suitable 

for predictions. 

 

The null hypothesis for the t-test is that the estimated slope coefficient is 0. The results of the 

test are presented in the Table 6. The intercept coefficient is not estimated to be zero since the 

null hypothesis is rejected at a p-value of 0 and a t-value of 4.814 (𝛽0 ≠ 0). For the slope 

coefficient, the t-value is 1.849 and the p-value is 0.066. Therefore, the null hypothesis on 

estimating the coefficient for avgPageLoadTime is supported at 5% confidence level (𝛽1 = 0); 

avgPageLoadTime is not statistically significant in explaining avgTimeOnPage.  

The R-squared and residual standard error are presented in the full output of the model in 

Appendix 9. The R-squared is very low at 0.0125 and the adjusted R-squared is 0.009 indicating 

that the explanatory variable avgPageLoadTime explains around 1% of the variability in 

avgTimeOnPage. Furthermore, the residual standard error is very high at 115.2. The 

avgTimeOnPage values can therefore deviate from the fitted values by 115 seconds. 
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4.2.3 Conclusion 

 

The goal of the linear regression was to provide an answer to the research question What is the 

relationship between page loading time and time spent on a page? The research hypothesis was: 

H2: Page loading time is negatively associated with the time spent on a page. 

 

The OLS produced estimates were correct estimators of the population coefficients, in addition 

to being the best among all estimators, linear and unbiased. However, the research hypothesis is 

rejected since the built model was not statistically significant at 5% confidence level. Even if the 

model were able to significantly predict the time spent on a page with the page loading time, the 

relationship would have been mildly positive and not negative as hypothesized.  The residuals 

were not normally distributed; therefore, the proposed model cannot be used for predicting the 

time spent on a page. Furthermore, the average page loading time explained merely 1% of the 

variability in the time spent on a page and the quality of the fit was poor as indicated by the 

considerably high residual standard error. 

5. Discussion 

 

In this section, the results are concluded and suggestions for the case company are made. These 

suggestions may assist the case company and similar companies in their efforts of optimizing the 

store’s usability and purchasing process. Lastly, possible further research on the topic is 

discussed. This study aimed to provide an answer to the main research question: “What are the 

effects of page loading times on purchase behavior?” The research problem was divided into the 

sub-questions: “What is the relationship between page loading time and website abandonment?” 

and “What is the relationship between page loading time and time spent on a page?”. 

 

The relationship between page loading time and the likelihood of website abandonment was 

found to be mildly positive; one second increase in the average page loading time increases the 

odds of the visitor abandoning the store before any interaction with it by a factor of 1.1. 

Therefore, the case company should take proper measures for reducing the page loading time.  
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However, the classification of a session resulting in a bounce was not accurate. Therefore, the 

proposed model should not be used by the company in predicting whether the visitor will leave 

the site immediately or continue their purchasing process on the site. The relationship between 

the page loading time and time spent on a page could not be determined to a significant degree 

and the model cannot be used in predictions. Even if the results of the proposed model were 

significant, the relationship appeared to be very mildly positive instead of negative. Online stores 

in general should aim at reducing their page loading times, since higher page loading times 

increase the likelihood of immediate website abandonment. In addition, users experiencing very 

high page loading times (higher than 6 seconds) tend to spend less time on a page on average. 

consider that pages with a lot of content such as text, images and features can result in longer 

page loading times due to them simply taking longer time to load. Therefore, pages with a lot of 

content can keep the visitor engaged on the site longer, hence the probable positive relationship 

between the page loading time and time spent on a page.  

 

Court et. al (2009) suggested that in a digital purchasing process, consumers are expected to use 

more time in comparing competing alternatives in an iterative manner. Solomon (2012) 

highlighted that the information search and comparisons are particularly prevalent in less 

frequently purchased, durable, goods that can be considered as high-end. Therefore, due to the 

nature of the case company’s product, the visitors can be expected to depart from the store to a 

higher degree than in other cases. The effects of page loading time on purchase behavior are 

mildly linked to the likelihood of immediate website abandonment, but not to the time spent on 

a page. The increased inclination towards abandoning the online store due to frustration is in line 

with the findings of Forlizzi & McCormack (2000) and Suchman (1987). Furthermore, Maister 

(1985) and Katz et al., (1991) suggested longer waiting times to cause dissatisfaction in user 

experience. Their findings are supported in this study, on the likelihood of website abandonment, 

but not on the time spent on a page. Kearney et. al (2019) suggested that users start to lose focus 

on a task after 1 second of page loading time and at more than 10 seconds, they are likely to 

abandon tasks. In this paper, the median page loading time was over 2 seconds.  Furthermore, 

the sessions with a page loading time higher than 6 seconds spent less time on a page on average. 
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The model built in this research predicted that the user who experiences a page loading time of 

10 seconds, would abandon the site without any interaction on it with a 73% probability. 

Therefore, this research supports the findings of Kearney et al. (2019) on the higher ends of the 

page loading time, but it could not find any noticeable likelihood of task abandonment at 1 

second.  

 

Further research on the topic is warranted. For instance, the page loading time could be divided 

into segments (ie. fast, medium, slow) and the effects of loading time on the time spent on a 

page could be tested individually on these segments since none of those sessions that experience 

slow page loading times, spent more than 200 seconds on the site, indicating that problems in 

the extremes. Instead of a linear one, exponentially decaying model could also be fitted to the 

observations. Furthermore, transformations on the data could reduce the problem of non-

normality. Additionally, the default Google Analytics value recording principles are not ideal; the 

page loading times are not page-specific but are aggregates of multiple pages. More individual 

based tracking of the loading- and spent times could increase the validity of similar studies. 

Additional topics on the effects of page loading times could include user-specific inspection 

instead of session-specific analysis. This user-specific analysis can reveal more information on the 

purchase behavior when considering purchasing behavior as a loop of leaving from and returning 

to a store. For instance, does the likelihood of website abandonment increase to the same degree 

with new users as returning users or are returning users more “forgiving” of the slow page loading 

times? The user-specific studies could also include users who arrived at the site organically or 

through paid ads or demographic factors such as age. 
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Appendices 

 

Appendix 1. Results for Extreme Studentized Deviate (ESD) test for outliers in non-bounced and 

bounced categories. 

 

  
 

Appendix 2. Distribution of average page loading times between non-bounced and bounced 

sessions after omitting outliers. 
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Appendix 3. Page loading time numerical statistics between bounced and non-bounced sessions 

after omitting outliers. 

 

 Observations Min (s) Max (s) Median (s) Mean (s) 

Bounced 466 0.42 19.43 2.69 3.31 

Non-bounce 344 0.39 19.23 2.16 2.82 

 

 

Appendix 4. Maximum Likelihood Estimates for the proposed logistic regression model. 

 

 
 

 

Appendix 5. Exponentiated coefficients and confidence intervals from the proposed logistic 

regression model. 
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Appendix 6. Results of the likelihood ratio test. 

 

 
 

 

Appendix 7. Results for Extreme Studentized Deviate (ESD) test for outliers in linear data frame; 

avgTimeOnPage (left) and avgPageLoadTime (right) 

 

 
 

 

Appendix 8. Linear data frame numerical statistics after omitting outliers. 

 

 Min (s) Max (s) Median (s) Mean (s) Corr. coeff. 

avgPageLoadTime 0.45 12.31 2.26 2.83 0.11 

avgTimeOnPage 1.50 709.00 33.00 69.61 0.11 
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Appendix 9. Ordinary Least Squares method proposed CLRM. 

 

 
 

Appendix 10. Residual plots for the proposed CLRM. 
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