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Does the type of access device influence the online buying behavior?  

An explorative study 

 
Abstract:  

The purpose of this study is to assess whether the device type (smartphone, tablet or desktop) 
used to access an online shop, has any effect on the customer’s buying behavior and 
interaction with the site. A field experiment was conducted on the web site of an online 
retailer, collecting data with web analytics tools over a period of six weeks. To validate the 
findings and reveal underlying reasons for certain behavioral patterns, a customer survey was 
used. Our main findings are that online customers use different types of devices to perform 
different activities at different stages of the customer journey. The device type is essential for 
the information amount customers receive during a shopping session. Besides, smartphone 
and tablet usage behavior are not similar although both are touch-screen devices. The study 
provides new insights into the online customer behavior, presents a new way of observational 
research and allows practitioners to better optimize their websites. 
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1. Introduction 

The online distribution of goods and services by means of internet-based platforms, 
commonly called Ecommerce, is expected to reach about 14 % of the entire retail volume by 
2020 (eMarketer, 2016a) while in 2018, 5.7 billion people will be in possession of at least 
one internet capable device such as smartphone, tablet or desktop computer. These devices 
make Ecommerce ubiquitous and re-shape the customer journey (Forrester, 2011). The 
effects of Ecommerce on consumer behavior and the implications for marketing is an issue 
that is often debated among academics and practitioners (Marketing Science Institute, 2016) 
but there is limited research attention on the effects of device types on buying behavior of 
online shoppers. This study addresses this research gap by means of a field experiment 
making use of a commercial web site. The main aim of this approach is to assess whether 
the device type used in accessing web shops (smartphone, tablet, desktop) has any effect on 
purchase behavior in a real life observational setting.  

2. Literature Review 

The issue of consumer behavior as well as influencing factors of consumer behavior in in web 
environments is one widely discussed in the literature, but relatively little research attention is 
given on the effects of using different device types for accessing commercial web sites and 
the implications on consumer behavior. Such knowledge can help online marketers optimize 
their online approaches and proposition in order to increase customer acquisition and 
retention.  

In web environments privacy is an important factor to consider. Research by Tsai et al. (2011) 
indicated that perceived privacy invasion results in negative attitude towards a brand or a web 
shop; privacy issues result in postponing a purchase decision or move to another web shop 
(Kim, Ferrin and Rao, 2008). Aguirre et al. (2015) identify a similar effect when remarketing 
is used: if customers are often exposed to certain ads, they feel vulnerable and avoid clicking 
on the ad. With regard to the website itself a number of elements have been identified as 
affecting consumer behavior online. Usability, interactivity and aesthetics of web sites can 
have an effect on customer preference for an e-shop against another (Constantinides and 
Geurts, 2005). Even factors like the time of the day influence customer online behavior: 
Presman (2015) found that customers are most likely react to emails with shopping intent in 
the morning and in the late afternoon.  

With regard to the effects of the device type on customer behavior, Ghose et al., (2013a) 
found that smaller screen size is associated with higher time investment and leads therefore to 
higher search costs. The same effect was observed by Liebe et al. (2015) who compared time 
spending of different devices when filling out a survey. They discovered that smartphone 
users need more time compared to other devices, but this has no effect on the survey quality. 
Regarding tablets as device type, Burford and Park (2015) argue that the strong focus of apps, 
common in such devices, limits the amount of information customers receive. Xu et al. (2016) 
found that tablets encourage casual browsing behavior which also effects online sales. 
According to Xu et al. (2016) and Lee et al. (2017) smartphones and tablets complement each 
other in the purchase journey and customers typically spend less time per page when using 
smartphones compared to desktop devices (Chaffey, D. 2017).   

3. Methodology 
Xu et al. (2016) used data sets and statistical analysis to determine the influence of tablets on 
consumer buying behavior while surveys are commonly used to identify consumer 
motivations and actions (Bart et al., 2014). Surveys are commonly used to predict consumer 



behavior which is according to Chandon et al.(2005) a feasible approach as intended behavior 
is a good predictor of actual behavior. Field experiments meant to observe actual customer 
behavior during online interactions are also a method often used for observing online 
customer behavior (Ghose et al., 2013a).  A widely used tool for analyzing online customer 
behavioral data is the Google Analytics which allows the collection of data on gender, age, 
device type, visit frequency, search behavior or bounce rate (DeMers, J. 2014; Pakkala et al. 
2012). Kaur and Singh (2015) analyzed customer click behavior in order to identify points of 
interest on a web page. Choros (2011) used the tool Hotjar, and applied heat, tap and scroll 
maps to draw inferences about customer behavior and web site usability. Hence these 
methods allow to observe consumer behavior right on page and this information can then be 
utilized to help online marketers to improve the page as well as marketing messages.  

In previous studies about online device types archival data and surveys have been used (Bart 
et al., 2014; Xu et al., 2016). Rarely the field experimental approach, as utilized by Ghose et 
al, (2013a) providing insights on behavior by observing customers live on webpages has been 
used. In this study a new approach is used that has advantages against surveys based on 
customer intentions and methods based on analysis of old archival data. In cooperation with a 
Dutch online commercial organization, a real live experimental setting with a three-step 
research approach was used: observational elements on the web page as well as a customer 
survey are used in combination in order to gain deeper insights in customer actions and 
motivations.  

• In the first step Google Analytics was installed on the website of the company to track 
demographic data as well as general data such as time on page or device type used to 
access the site.  

• The second step consists of the tool Hotjar which is used to generate different heat, 
scroll and tap maps based on customer click behavior. Those are used to draw 
inferences about consumer interaction with the page on different devices.  
Both tools complement each other providing information about how consumers 
behave per page on individual and collective levels.   

• In the third step a customer survey was used to explain the underlying motivation for 
certain behavioral patterns of the visitors and to further validate the findings of the 
previous steps such as demographic data or device type.  

The analysis was focused to a single category page (different products of the same category in 
the online shop) in which the tooling was installed. The page was chosen because of the 
product type displayed: a seasonal commodity item, attracting a diversified flow of visitors 
from all age groups. In a timeframe of 6 weeks, this page was observed, and data was 
collected. To minimize the potential bias, the emailing list of the company was used to 
distribute the survey among all web site users. The survey itself was then send out in week 5 
of the observation. To reduce the threat of bias in the survey it was announced as a website 
improvement survey. For ensuring validity and reliability of the collected data, both samples 
were compared using different observed variables such as device type, gender and age. Main 
goal of the survey was to first validate the data about demographics (age/gender) and device 
type. Secondly purchase motivation with certain device type was asked to compare actual 
observed behavior to intended behavior. 

Due to the nature of the research and the used data collection methods, there is a discrepancy 
in sample size between the different methods. For Google Analytics (GA) the sample consists 
of 805 customers in the 6 weeks’ time frame. In Hotjar (HJ) the sample consists out of 530 
visitors which equals 65% of the GA sample. This is due to the fact that HJ automatically 
draws a sample of the visitors. In the survey there was a total number of 395 responses. As 



only complete answers and only people who have visited the website before we counted, the 
final sample consisted of 286 respondents.  

4. Results 

The analysis of data collected indicates that there are differences in time spend on a e-shop 
page for customers using different devices. While smartphone users on average spent 0.53 

minutes per page, desktop users spent 1.06 min and tablet 
users 1.04 min. This indicates that on average customers 
using smartphones are staying on average 12 seconds less 
on a page. Scroll maps created with HJ were created 
where the scroll depth per device type was measured: 
how “deep” users scrolled on a page. To account for 
differences in page designs across devices, the number of 
products users have scrolled through was counted (see 
Table 1). We observe here that smartphone users 

typically see 20% less of the products (or that tablet/desktop users scrolled 20% deeper). 
This indicates that smartphone users saw indeed less products compared to bigger screen 
devices. Next to that using click maps allows to observe the click behavior: we found that 
smartphone users did not apply filter or sorting functions on page.  

The findings indicate that that smartphone users spend less time on page, see less products 
and do not use filter functions. Hence, we can affirm that customers on smartphones make a 
more limited and superficial use of the information available in an e-shop compared to users 
of bigger screen devices such as tablet and desktop users. 

By employing click map analysis on 
visitor journeys we looked for similarities 
in click behavior between smartphones 
and tablets as touch devices as well as 
differences of both to desktops (see Fig. 
1). Using different points of interest at the 
page (product description, product picture, 

CTA button) as unit of analysis, we found that there was a big variance between those points 
and the different devices. The variance in clicks was on average between 5%-13%. Besides 
that, in Google Analytics data there were no similarities between the touch devices 
concerning time on page or other metrics which would indicate that usage is similar. Hence, 
one can conclude that even though both smartphones and tablets are touch devices, there are 
no similarities in usage between these devices. There were also no similarities between 
tablet and desktop a fact indicating that these devices complement each other.  

As to the findings based on comparison of the data analysis and the customer survey, the 
most important findings are the following.  

Comparing whether customer intentions for certain behaviors matches actual customer 
behavior, we compared our findings from Google Analytics to the survey data. In the survey 
we found that customers indicated a strong preference (50%) to conduct a purchase activity 
on the internet with their desktop device rather than with smartphones or tablets. However, 
in the observation data based on actual behavior desktop devices only accounted for 37.64% 
of the total visits. In the question what device is most likely to be used for information 
search we found that intentions and actual behavior were more closely together. To further 
test how the differences in purchase device usage arise, we analyzed device usage during a 
day period. We found that during working hours (9-17) tablet and desktop usage is 



significantly higher than during evenings and commuting time. In the evenings, mostly 
smartphone devices are used. One can therefore conclude that in the customer journey, 
different devices are more dominantly used for different tasks while the time of the day is a 
possible determinant for the choice of device type. This means that customers have different 
touch points over the day with a brand with different devices.  

To account for differences in measurement across different data collection method and to 
ensure validity and reliability of the study we cross-compared the results of the different 
methods. Between Google Analytics and HJ the variance of devices types was minus 1 
percentage point for tablets, plus eight percentage points for desktops and minus seven 
percentage points for smartphone. While between Google Analytics and the survey the 
values were identical to the previous presented values. Concerning demographics between 
Google Analytics and the survey, there was a variance for gender of plus eight percentage 
points more in the survey while for age the total variance for all groups was around one to 
three percentage points. The differences can partly be explained by the differences in 
measurement methods of the different programs. The differences observed are insignificant 
and indicate that the data obtained for the two different methods belong to the same 
population which further strengthens the validity of the findings.  

Conclusions and Practical Implications 
This study observes customers in a real-life setting: interacting with a web page, while 
controlling their intentions and motivations in the same moment. We found that smartphones 
limit the number of products customers see when browsing through a web shop site. Next to 
that we did not find similarities in usage behavior between different devices which indicates 
that each device type could have a specific purpose in the customer journey. Which is 
supported by our finding of dominantly used devices at certain times of day. Finally, our 
method provides interesting insight in customer behavior by means of observation on page 
rather than analyzing secondary data. 

Implications of this findings could be either way useful to make improvements in web 
design and customer friendly web shopping. Otherwise companies can also exploit that 
knowledge to further limit consumers and present items first which have higher profit 
margins for the company. The societal relevance of point can be found in litigation cases 
about search engine results pages, where those practices and their possible malicious 
implications on behavior, in this case by Google Shopping, are already under question 
(European Commission, 2017). We could imagine that further experimental research could 
reveal how strong the effect of limitation between devices in different situations is. 
Secondly, we found further evidence that there are indeed differences in consumer behavior 
among certain devices and across the customer journey. We rely on the findings from 
previous research which suggest that intention is a good predictor of actual behavior 
(Chandon, Morwitz and Reinartz 2005). The self-reported data in a one wave survey does 
not provide further insights about causality which could better be tested in experimental 
settings or with a longitudinal setting. We also did not account for factors such as trust due 
to the scope of this study (Tsai et al. 2011). Next to that we rely on a very limited setting to 
first test the implications of this new methodology. In the current explorative setting we 
believe that already these findings are relevant and provide insights from another angle. By 
further tests on bigger scale and as complement to other studies even more relevant insight 
can be made.  
The outcomes of this study are a relevant contribution to the study of the online customer 
behavior due to a variety of reasons; the study further shed light on the impact of an 
important factor in web environments, the type of device customers are using. The findings 



indicate that smartphones have an influence on purchase behavior since they limit the 
customer is a number of ways. With further use of sophisticated tracking technology or 
experimental settings, more relevant findings on the magnitude of these limitations can be 
studied. We also found evidence that there are differences in the customer journey when 
taking device category into account: different devices are likely more dominantly used for 
certain tasks. Further research can examine what the exact influence of each device type in 
the customer journey is or to shed light on other areas as done in previous research (Pakkala 
et al. 2012/ Choros, 2011).  
The explorative character of this study suggests that we have to be careful with the 
generalizability of the study findings. The geographical area where the study is conducted 
(The Netherlands) and the experimental character in a particular type of online are limiting 
factors here. However, we believe that examining differences in consumer behavior on small 
scale with new means of data collection can contribute to the development of new 
methodologies making better use of available analytics tools for online marketing situations. 
This could make the limited usage of observational approaches in web environments 
especially considering the evolving capacities of tracking technology, a thing of the past. 
With the use of observational research in web environments, the effects of certain marketing 
actions on customers can be better examined and explained. This is especially societally 
relevant due to further digitalization and with regards to litigation cases in which practices of 
digital companies are already under question.  
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