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Application of web usage mining to investigate online
shopping behavior via PC versus mobile devices: evidence

from click-stream data
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Abstract

In recent years, the widespread use of smartphones and the rapid growth of mobile technologies have
significantly transformed e-commerce, leading to the rise of mobile commerce (m-commerce). Mobile
commerce services such as mobile banking, mobile payments, and mobile shopping have gained
substantial traction. According to Statista, mobile retail sales in the United States exceeded $360 billion
in 2021 and are projected to nearly double to approximately $710 billion by 2025. Furthermore, by the
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end of 2021, nearly one-third of U.S. internet users reported making weekly purchases online via their
mobile devices.
This unprecedented growth underscores the need to explore user behavior in online shopping,
particularly through mobile platforms. Several factors influence online shopping behavior, with the
device used for browsing and purchasing playing a critical role. As smartphones become the dominant
means of internet access, understanding the behavioral differences between mobile and desktop users
becomes increasingly important. Although mobile commerce is a subset of e-commerce and shares
similarities such as convenience and speed, notable differences exist due to device characteristics. These
include the constant availability of smartphones, their lower computational power compared to
desktops, and their smaller screen sizes, which can negatively impact the user experience during
complex transactions.
Research has shown that mobile-specific features, including screen size, speed, security, and website
optimization for mobile users, influence browsing and shopping behaviors. Despite the growing
recognition of these differences, limited studies have compared user behavior between mobile and
desktop platforms in e-commerce settings.
This study addresses this gap by analyzing user behavior on the Basalam platform, a prominent Iranian
social e-commerce marketplace that supports both desktop and mobile shopping. The primary objective
is to empirically examine whether and how user browsing behaviors differ between mobile and desktop
platforms. The analysis adopts a novel approach inspired by the work of Orit Raphaeli et al., utilizing
sequential association rule mining to uncover frequent navigation patterns and their implications for
user interaction and purchase likelihood. Unlike Raphaeli’s dataset, which focuses on specific web page
content, this study employs server-side event logs from Basalam to generalize findings and enhance
applicability across e-commerce platforms.
The Basalam dataset represents user interactions captured through server logs, documenting user
activities on the platform. The preprocessing steps differ from those in Raphaeli’s study due to
variations in data structure, features, and timeframes. The proposed methodology creatively applies
sequential association rule mining to episodes of user activity rather than specific web pages, identifying
patterns that influence purchase outcomes without focusing on content-specific details.
The findings reveal distinct behavioral trends between desktop and mobile users. Desktop sessions are
task-oriented, resulting in higher conversion rates, while mobile users demonstrate exploratory
browsing patterns. Notably, certain navigation sequences were associated with higher purchase
probabilities across both platforms.
This research contributes to the field in several ways:
e It is the first study of its kind focusing on the browsing behavior of Iranian e-commerce platforms,
comparing mobile and desktop interactions.
e The methodology adapts and extends prior approaches to accommodate differences in dataset
characteristics, providing a scalable framework for behavioral analysis.
The results hold significant implications for e-commerce strategies, offering insights for enhancing user
experience, optimizing platform design, and improving conversion rates across devices. By analyzing
Basalam’s event logs, this study provides a comprehensive understanding of user behavior in mobile and
desktop contexts, highlighting the strategic importance of platform-specific design in the evolving
landscape of digital commerce.
Keywords: M-commerce, E-commerce, Online browsing behavior, Navigation patterns, Footstep graph,
Web usage mining, Sequential association rule mining.
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(Figure-2): Step-by-step navigation patterns: (a) Upstairs,
(b) Mountain, and (c) Fingers
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ruls = dict()

ruls['montain'] =
[['up','peak’,'trough’,['up’,'peak’,'down],

['trough’,'peak’,'down’],['up’,'peak’],['peak’,'down]]

ruls['finger'] = [['peak’,'trough'],['peak]
ruls[‘downstair] = [['down]
ruls['upstair'] = [['up']]

level3 = list()

o Jy 0 090 A o 1(B- JS)

(Figure-5): Second step of route conversion

levell = list()
for idx,actions in enumerate(level0):
if idx 1=0:

compare = levelO[idx] - levelO[idx - 1]

if compare<0:
levell.append(‘down’)

elif compare==0:
levell.append('same’)

elif compare>0:
levell.append(‘'up’)

yed Jd p g Aoy :(F - JS2)
(Figure-6): Third step of route conversion
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level2 = list()
for idx, actions in enumerate(levell):
if idx 1=0:
if levell[idx] == 'up’ and level1[idx-1]
=='up:'
level2.append(‘up’)
elif level1[idx] == 'down' and level1[idx-1]
::'up;'
level2.append('peak’)
elif level1[idx] == 'up' and level1[idx-1]
=='down:'
level2.append(‘trough’)
elif level1[idx] == 'down’ and level1[idx-1]
=='down:'
level2.append(‘down")
elif level1[idx] == 'same:'
level2.append(‘same’)

s ook s Ao (P JS0)

(Figure-4): First step of route conversion
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(Table-5): Comparisons of engagement measures in mobile and PC sessions (* p<0.001)
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(Figure-8): Entertainment metrics in mobile and computer sessions
Slrio a5 Sl el Hlanl ol o ax 5]

oleyde Sl uimes 99 o cdolie caxd
olyide axb e wwl by Sw g0 0 Slxae

:\Jb‘) uL..M.L‘> L Ca 5 o‘)_o_m UJ'L’ QLMJ} ).) s "

ol sl i Al 4 Cans olen il Sluds
5 S=gS s yiules amas a5 W o olis leasdl

Sl 4 ymie olyen il sleoliws dguze 0,

Y 2be F ol 1Py Lo

PR E P X\ KPS PUE RGO RV X WAN-N|
2ok [y ol cnl Jlixl 4 Joe S 0925 )50
o i asls plplo dflogs o iy Jow
ol e S e Sl e S st ‘M 5!
Jobs clada 3 Jliol Cond - Ojg0a oo
g e drlone &2 b et 4 (Joe) g o9

lift(buying, sequence rule) =

P(buying , sequence rule)

P(buying) * P(sequence rule) =

P(buying|sequence rule)
P(buying)

S5 ol sy |, cad pslie (V) Jpe
LL Jlas! s so plis s (i5u 50 sdwliawsd
Gbly Cluds g+ YAY ol en ali Slids 6l 0 5>
S iled sezg wes o plis mls ol c 0P
l auds 0 0 Jo! Wgl o 25 Upstair sl
Ot i MoNtain > finger gld pizen (0 o0 YU
2L cdd e e g all) Slud> o ) cad
2 o5l ol sy s 1l e Gl ol
Spee Yl a2 Jlesl el olude

s Julxi-#
2 OB e JB8 Sl e9 S adlas Gl @l
Sde Sl 020 oo &l Wbl g ol pen il Sl
abl, olds g oer ol cluds o axio b
laul (Cusl HLSS) o)l (g bline Ogles  pazds

L improvement



,o (montain = upstair s montain - finger) Wyl o
O g ably j0) Wedoo WP 4 e o Sl
S poe oldr o Ll wijls oYL LSS (ol e
Soln )5 T wlal 4 montain g4301 .05 ) S5 oS
imio 4 Colys bWl WS o Glen |, Olxas
Jo o 2l &S b () @ oS e L L
sodle dYslewd ols daa sl cole g9z
&S sk ploa (Dlxio G s 5 gy 4 S >
Sle weloads ools las finger g6 dlwga

Ll Slras 51 S glaasssls

Bigei 5 o 50 9 5 (Sl :(P-Jgur)

(Table-6): Rule support across subsamples (Min support =
20, Min confidence = 60)

Sequence Buying sessions Non-buying
rule sessions
Mobile PC Mobile PC

upstair 2 81.10 48.95 58.48 36.62
finger

finger 2> 80.55 57.56 46.31 30.24
upstair

montain 78.34 53.86 65.77 46.00
- finger

montain 77.13 54.43 43.11 -
- upstair

upstair > | 75.03 49.39 57.64 36.69
montain
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(Table-7): Conditional purchase probabilities and lift
values for sequence rules in sessions with 8 pages

Sequence rule P(buying | seq. rule) Lift
Mobile PC__ | Mobile | PC
“pf?ta" > 0.025 0.079 137 | 131
inger
finger > 0031 | 0.109 171 | 180
upstair
montain > 0022 | 0404 119 | 671
inger
montain 0.032 0122 175 | 204
upstair
upstair > 0.024 0.079 129 | 132
montain
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(Table-5): Frequent sequence rules for mobile and PC in
buying and non-buying sessions

ss;nlz;ﬂe sequence rule | S"PPO"Iconfidence %
upstair >
upstair
i : 81.10 81.19
Mobile- | Finger 2>
buying ups?air 80.55 92.87
Montain > 78.34 96.86
; 77.13 95.35
finger
Montain >
upstair
upsta!r > 9553 96.46
upstair
finger >
upstair
; 57.56 95.15
e | 5443 | 9563
P . 54.12 94.01
finger, upstair
PC- - upstair
buying | Montain >
finger
finger > 5386 | 9462
u sgtair ol.24 95.14
psalt 50.67 93.08
Montain,
upstair >
upstair
Montain >
finger 65.77 94.09
upstair > 64.4 75.28
upstair
upstair >
Mobile- | finger 58.48 68.37
non upstair >
buying Sogtt;lrn 57.64 67.38
P 53.54 92.89
motain >
finger
finger > 52.80 68.88
finger
PC-non | upstair > £0.31 58,25
buying | upstair
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