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Abstract: With advancements in internet technology, secure online payment systems, and 

faster delivery methods, consumers are increasingly turning to online shopping as their 

preferred purchasing method. To remain competitive in this global industry, businesses must 

understand customer behaviour to meet the growing demand for online purchasing. While 

previous studies on online shopping behaviour primarily focused on empirical, statistical, and 

regression analyses, visual analytics has received less attention. This paper addresses this gap 

by developing an interactive dashboard that models online shopping behavioural data. 

Following the data visualisation pipeline, a four-step methodology was implemented to develop 

the dashboard consisting of data selection and pre-processing, data transformation, visual 

mapping and visualisation generation. The dashboard supports tasks such as data 

aggregation, clustering, and filtering, offering a comprehensive view of shopping behaviours. 

Users can interact with various tabs to explore visualisations of product categories by income 

level, age, and gender, as well as average shopping time by demographics, aiding decision-

makers in gaining valuable insights into e-shopper preferences. 

 

Keywords: Visual Analytics, Online Shopping Behavior, Consumer Preferences, Interactive 

Dashboard, E-Commerce 
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Introduction  

Retail e-commerce has rapidly evolved into a global industry. In 2023, global retail e-

commerce sales reached 5.8 trillion U. S. dollars worldwide, with projections indicating an 

increase of over 39% growth in the coming years and expected to surpass 8 trillion U.S. dollars 

by 2027 (Chevalier, 2024). The growth in online retail is driven by advancements in internet 

technology, enhanced online payment security, and faster delivery methods. Additionally, the 

COVID-19 pandemic has significantly accelerated the demand for online shopping, further 

establishing it as a preferred purchasing method among consumers. Understanding customers’ 

preferences and online behaviour has thus become crucial for businesses to remain competitive, 

relevant, and profitable in an increasingly digital and customer-centric marketplace. 

 

Most of the existing research on online shopping behaviour has relied on empirical studies 

(Mohamad Shariff & Abd Hamid, 2021), descriptive statistical analysis (Mustakim et al., 

2024), and regression modelling (Ahmad Shakir & Adzhar, 2024) to explore consumer 

behaviour.  While these methods provide useful insights, they are limited in capturing the 

multi-dimensional and dynamic nature of consumer behaviour. Despite the wealth of such 

studies, interactive visual analytics remains underexplored as a tool to analyse online shopping 

patterns. This lack of effective visual analysis creates a gap in understanding how factors such 

as income, gender, and product categories interact in shaping consumer behaviour. Addressing 

this gap would benefit businesses by enabling data-driven marketing strategies, policymakers 

by supporting evidence-based digital economy planning, and marketers by tailoring 

personalised campaigns to evolve consumer needs. Visual analytics systems are essential and 

have been proposed for exploring complex datasets and uncovering hidden insights across 

various domains, including health (Jiang et al., 2024), education (Chen et al., 2024), and 

customer behaviour (Pragarauskaite & Dzemyda, 2012). 

 

In the realm of behavioural analysis, several studies have focused on visualising online 

interactions. These include systems for hierarchical user profile analysis (Nguyen et al., 2020), 

improving online shopping advertising (Liu et al., 2021), and web content mining (Razali et 

al., 2021). While these works contribute significantly to understanding user behaviour, 

visualisation of behavioural data is not the primary analytical method in these studies.  There 

remains a gap in effective visualisations that can comprehensively depict and analyse consumer 

preferences. This paper addresses this gap by presenting a dashboard to visualise online 

shopping behaviour in the Malaysian context, focusing on factors such as income group, 

gender, time spent online, and product categories. Interactive visual analytics techniques are 

employed to provide deeper insights into consumer behaviour and contribute to more 

customised decision-making.  

 

The following sections provide an overview of related work and details of the material and 

method used in the study.  The visualisation results and discussion are then presented, and the 

paper concludes with remarks on the implications of this research, offering a structured 

exploration of online shopping preferences and customer behaviours. 

 

 

 

 

 

https://creativecommons.org/licenses/by/4.0/?ref=chooser-v1


Copyright © Academic Inspired Network 
- All rights reserved 

 

This work is licensed under  
CC BY 4.0 

 

 
 

722 

 

Volume: 10 Issues: 76 [September, 2025] pp. 720 -732 

Journal of Islamic, Social, Economics and Development (JISED) 

eISSN: 0128-1755 

Journal website: www.academicinspired.com/jised 

DOI: 10.55573/JISED.107655 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Related Work  

Visual Analytics systems are designed to explore and understand complex datasets, offering 

insights that are often hidden in traditional analysis. Recent studies have demonstrated their 

value in health (Jiang et al., 2024), education (Chen et al., 2024) and customer behaviour 

(Pragarauskaite & Dzemyda, 2012). However, within the behavioural analysis domain, most 

studies emphasise specific aspects rather than comprehensive consumer profiling. For example, 

(Nguyen et al., 2020) introduced Vasabi, a system for hierarchical user profile analysis that 

enables detailed exploration of user behaviour across domains. Similarly, (Liu et al., 2021) 

present MulUBA, which applies a multi-level visual analytics approach to improve online 

shopping advertising, while (Razali et al., 2021) used web content mining to visualise shopping 

preferences. These methods, while innovative, primarily focus on advertising optimisation or 

trend detection rather than offering a holistic, multi-dimensional view of consumer behaviour.  

 

In the Malaysian context, studies such as Mohamad Shariff & Abd Hamid (2021) employed 

empirical surveys to examine consumer behaviour during the COVID-19 pandemic, while 

Mustakim et al. (2024) and Yong et al. (2023) applied descriptive statistical analysis to identify 

factors influencing online purchasing behaviour. Ahmad Shakir & Adzhar (2024) extended this 

by using regression modelling to assess purchase intention predictors. Although these works 

provide valuable insights, they remain limited by their methodological reliance on static 

analysis. They do not enable interactive exploration of multi-dimensional variables such as 

income, gender, and product categories simultaneously. 

 

Therefore, while prior studies advance knowledge through surveys, statistics, and regression, 

they underscore the need for interactive visual analytics that can integrate and dynamically 

visualise diverse consumer attributes. This study addresses that gap by applying visual 

analytics to Malaysian online shopping data, offering decision-makers deeper insights for 

personalised marketing, targeted policymaking, and enhanced consumer engagement. 

 

Material and Method 

The analysis and visualisation of the online shopping behaviour data were implemented using 

Python, renowned for its extensive libraries and frameworks in data science and web 

development.  The specific libraries used in developing the visualisation are Pandas for data 

manipulation and analysis, Plotly for creating interactive and visually appealing charts and 

graphs and Dash for developing an interactive dashboard. The method used in this study 

contains four steps as shown in Fig. 1. 

 

 
Figure 1: Method 
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Data Selection and Pre-Processing  

The data for this study is obtained from (Mustakim et al., 2024). They used convenience 

sampling to gather data from 560 respondents who met the following requirements: they had 

to be Malaysian citizens, older than 18 and had used an e-commerce site at least once. The 

obtained data was analysed to perform data selection. This process involves identifying the 

subset of the data that will be potentially visualised. The selected data is shown in Table 1 with 

data type, description and examples. 

 

Table 1: Data Description 

Attribute Type Description Example 

‘Date’ Date The date of the response ‘2024-08-18’ 

‘Email’ String The email address of the 

respondent. 

‘example@example.com’ 

‘Gender’  Categorical The gender of the 

respondent. 

‘Female’, ‘Male’ 

‘Age’  Categorical The age range of the 

respondent. 

’18-24’,’25-34’ 

‘Level of 

Education’  

Categorical The highest education 

level attained by the 

respondent. 

‘Bachelor’s’, ‘Masters’s’ 

‘Ethnicity’  Categorical The ethnicity of the 

respondent. 

‘Malay’, ‘Chinese’ 

‘Monthly 

Income’  

Categorical The monthly income 

range of the respondent. 

‘Below RM5,000’, 

‘RM5,000-RM10,000’ 

‘Employment 

Status’  

Categorical The employment status of 

the respondent. 

‘Employed’, ‘Unemployed’ 

Current 

Residential 

State  

Categorical The current residential 

state of the respondent. 

‘Kuala Lumpur’, ‘Penang’ 

How often do 

you visit online 

shopping sites? 

 

Categorical 

Frequency of visits to 

online shopping sites. 

‘Daily’, Weekly’ 

What is the 

average time 

you spend on 

online 

shopping sites 

daily? 

Numeric Average daily time spent 

on online shopping sites. 

‘30’,’45’ (in minutes) 

Type of 

products that 

you usually 

purchase 

online 

 

Categorical Types of products usually 

purchased online. 

 

Respondents choose from: 

‘Electronic Devices & 

Appliances’; ‘Automotive & 

Motorcycles’; ‘Health & 

Beauty’; etc. 

 

 

https://creativecommons.org/licenses/by/4.0/?ref=chooser-v1


Copyright © Academic Inspired Network 
- All rights reserved 

 

This work is licensed under  
CC BY 4.0 

 

 
 

724 

 

Volume: 10 Issues: 76 [September, 2025] pp. 720 -732 

Journal of Islamic, Social, Economics and Development (JISED) 

eISSN: 0128-1755 

Journal website: www.academicinspired.com/jised 

DOI: 10.55573/JISED.107655 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We pre-process this data by checking for missing values by summing the total number of empty 

values. We found no missing values in the dataset. The next step is data transformation. 

 

Data Transformation  

Data transformation is the process of converting and structuring data into a usable format that 

can be analysed to support the visualisation processes (Caroline et al., 2023). This will ensure 

more informative visualisation. Visualization is the practice of presenting data in a visual 

format, such as charts, graphs, and maps, to facilitate understanding and insights (Kharakhash, 

2024) . It plays a crucial role in making complex data more accessible and understandable for 

individuals across various domains.   Data transformation is performed by calculating fields 

and performing aggregations to derive new metrics and insights. 

 

First, we expand the Product Categories attribute, which contains multiple categories separated 

by commas.  This is done by splitting it into individual rows. This is done using `str.split` and 

`explode`, resulting in a DataFrame ̀ df_expanded` where each product category is in a separate 

row.  Next, we filter the monthly income attribute.  A subset of the data is created for 

individuals with a monthly income of "Below RM5,000" and stored in `df_below_5000`.  Next 

various aggregations were performed to prepare the data for visualisation as shown in Table 2. 

 

Table 2: Various data aggregations performed on the dataset 

Aggregated Attribute Name Description 

`income_product_counts` Count of product categories by income level 

`age_product_counts` Count of product categories by age group 

`gender_product_counts` Count of product categories by gender. 

`gender_counts`, `age_counts`, 

`income_counts` 

Counts of individuals by gender, age, and 

income level 

 

Visual Mapping  

Visual mapping involves the ideation and definition of visualisation solutions. In this step, we 

define the spatial substrate (space of the visualisation), graphical elements, and graphical 

properties to determine how data will be visualised (Tkachev et al., 2022). All visualisations in 

this study are produced in 2-dimensional space. Different graphical elements such as doughnut 

charts, stacked bars, heatmaps, and line charts were selected based on their ability to best 

represent the patterns in the dataset. Graphical properties, including size, orientation, and 

colour, were adjusted to enhance clarity. To ensure that the dashboard communicated insights 

effectively, each chart type was carefully matched to the nature of the task. Table 3 presents 

the tasks, selected chart types, and the rationale for their use. 

 

  

https://creativecommons.org/licenses/by/4.0/?ref=chooser-v1


Copyright © Academic Inspired Network 
- All rights reserved 

 

This work is licensed under  
CC BY 4.0 

 

 
 

725 

 

Volume: 10 Issues: 76 [September, 2025] pp. 720 -732 

Journal of Islamic, Social, Economics and Development (JISED) 

eISSN: 0128-1755 

Journal website: www.academicinspired.com/jised 

DOI: 10.55573/JISED.107655 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3: Visual Mapping 

Tasks Graphical  

elements 

Graphical 

Properties 

Rationale 

Gender  

Distribution 

 

Doughnut chart 

showing the 

distribution of 

shopping by gender 

Different sizes 

and colours 

according to the 

gender category 

Provides a clear visual 

comparison of male vs. 

female shoppers, easy for 

non-technical users to 

interpret. 

Age Group 

Distribution 

Doughnut chart 

showing the 

distribution of 

shopping by age 

group. 

Different sizes 

and colours 

according to the 

age group 

category 

Highlights proportions of 

each age segment, useful 

for demographic insights. 

Income Group 

Distribution 

Doughnut chart 

showing the 

distribution of 

shopping by income 

level. 

Different sizes 

and colours 

according to the 

income level 

category 

Shows proportional 

differences in income 

categories, aiding quick 

comparisons. 

Product 

Categories by 

Income Level 

Stacked bar chart 

showing product 

categories by income 

level 

Different sizes 

and colours 

according to 

product categories 

Enables simultaneous 

comparison of multiple 

product categories across 

income groups. 

Product 

Categories by 

Age 

Heat map of product 

categories by age 

group 

Different hues 

according to the 

number of product 

categories by age 

group 

Highlights intensity of 

product preferences across 

age groups, useful for 

spotting clusters and 

dominant patterns. 

Product 

Categories by 

Gender 

Heat map of product 

categories by gender 

Different hues 

according to the 

number of product 

categories by 

gender 

Provides a clear visual of 

gender-specific product 

preferences. 

Average Time 

Spent by 

Gender 

Doughnut chart 

showing the average 

time spent by gender  

Different sizes 

and colours 

according to 

gender 

Simplifies comparison of 

average time spent 

between male and female 

shoppers. 

Income Level 

Sorted by 

Average Time 

Spent 

Bar Chart showing 

the average time 

spent by income 

level, sorts the values 

and resets the index 

Different sizes 

according to the 

income level 

category 

Offers straightforward 

comparison of time spent 

shopping across income 

categories. 

Age Group by 

Average Time 

Spent 

Line chart showing 

the average time 

spent by age group 

Different 

placement of 

points according 

to age group 

category 

Shows behavioural 

progression and trends in 

shopping time across age 

ranges. 
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Visualisation Generation 

In this step, the specific projection or rendering of the visualisation objects is performed. It 

involves the process of generating the 2-dimensional images of the visualisation using an 

application program or data visualisation tool.  As mentioned above in this study the Python 

program was used to render the visualisation objects using the Plotly Python library. The layout 

of the app is defined using the Dash library particularly with `html.Div` and `dcc.Tabs`, which 

contain multiple tabs with different visualisations. The primary tasks involve filtering data, 

computing averages, aggregating counts, and retrieving values for visualisation. 

 

Validation of Usability 

To assess the dashboard’s usability, a pilot testing session was conducted with a small group 

of users, including business students and marketing professionals. Participants were asked to 

perform tasks such as identifying the most active shopper demographic and comparing product 

preferences between genders. Feedback indicated that the use of multiple chart types improved 

clarity and engagement, while interactive features such as filtering and tooltips enhanced 

exploratory analysis. Based on this feedback, minor refinements were made to improve 

labelling, colour contrast, and navigation across tabs. The validated dashboard was then used 

to conduct the visualisation and analysis of Malaysian online shopping behaviour, as discussed 

in the following section. 

 

Visualisation and Discussion 

The visualisation of the online shopping behaviour data is intricately designed to facilitate 

interactivity. According to (Wu & Chang, 2024),  visualization, the process of transforming 

raw data into visually comprehensible representations is pivotal. It supports the user in 

selecting a specific task from a tab-style interface to accommodate diverse analytical interests. 

The dashboard layout and visualisations can be reconfigured by selecting different tabs which 

show different charts and graphs based on the underlying data. Users explore different aspects 

of the data through visualisations. For instance, examining product category distributions by 

income level, age group, and gender.  These aspects of the dashboard support different 

interactivity such as reconfiguring and exploring. 

 

Visualisation Dashboard 

Fig 2 shows the main interface of the visualisation dashboard. The dashboard shows tab menus 

for each visualisation arranged horizontally for the user to choose. 
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Figure 2: Online Shopping Analysis Dashboard 

 

General Shopping Behaviour Analysis 

For this task, we view the shopping distributions using doughnut charts first according to 

gender as shown in Fig 2. where 80.4% of the shoppers are female and 19.6% are male. Next 

visualisation is the distribution of shoppers according to age group (Tab 2 in Fig.2) and income 

group (Tab 3 in Fig. 2).  The visualisation is summarized as shown in Fig. 3. 

 

Fig 3 shows two visualisations of the online shopper’s characteristics according to the age 

group distribution and income level distribution.  Through these visualisations, users gain 

insights into most of the shoppers are from ages between 18-25 years old and have income 

levels below RM5,000. This insight suggests that most respondents in the dataset are likely 

young individuals, possibly students, who may not yet be earning an income. The user 

interactions that were incorporated into the visualisations include the tooltip information when 

the user hovers over the specific parts of the doughnut chart. Filtering interactions were also 

incorporated in this visualisation where users will be able to remove some categories of age 

group or income level from the visualisation by clicking on the specific legends. 

 

 
Figure 3: Visualisation of Shoppers characteristics according to age group and income 

level 
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Product Category Visualisation 

This task first investigates the relationship between different income levels and the categories 

of products frequently purchased. This is represented in Tabs 4-6 in Fig. 2. The goal is to 

identify which income groups are most likely to buy certain types of products, thereby finding 

extreme patterns in product preferences across income groups. Fig 4 shows a stacked bar chart 

visualisation to depict the product category according to income level. 

 

 
Figure 4: Product Category by Income Level 

 

In Fig 4, when the user selects parts of the stacked bar a pop-up tooltip will display the specific 

information about the part selected.  Additional information on the number of responses counts 

and product categories is displayed to enable users to detail each part of the stacked bar. As 

discussed in the previous visualisation users can filter out the product category for example in 

Fig 5 after filtering out other categories and leaving only women's fashion & accessories and 

men's fashion & accessories product categories, the users can compare the purchase behaviour 

of these two product categories. 

 

 
Figure 5: Filtering interaction to compare Product Categories 

 

Fig. 6 and 7 show heat map visualisations to view the product categories according to age group 

and gender. 
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Figure 6: Product Category by Age Group 

 
Figure 7: Product Category by Gender 

 

The heat maps shown in Figs 6 and 7 offer another visualisation of the most popular product 

categories by age group and gender.  The insights that can be derived from these figures is that 

the most popular product categories for females aged 18-25 are Women’s Fashion & 

Accessories and Health & Beauty as indicated by darker cells in the heat maps. 

 

Average Time Spent Visualisation 

The original data for time spent online shopping was categorical where users choose from 

options such as “Less than 30 minutes", "30 minutes - 1 hour”, “1 - 2 hours" or "More than 2 

hours". To calculate the average time spent we map these categorical values to numeric such 

that "Less than 30 minutes" = 0.25 which represents 25 minutes, "30 minutes - 1 hour" = 0.75, 

which represents 75 minutes, "1 - 2 hours" = 1.5, which represents 1 hour 30 minutes and 

"More than 2 hours" = 2.5, which represents 2 hours 30 minutes.  These numerical values were 

then averaged to visualise the respondents' average time spent shopping. Fig 8 shows the 

average time spent shopping according to gender. 
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Figure 8: Visualisation of Average Time Spent Shopping by Gender 

 

The original data for time spent online shopping was categorical where users choose from 

options such as “Less than 30 minutes", "30 minutes - 1 hour”, “1 - 2 hours" or "More than 2 

hours". To calculate the average time spent we map these categorical values to numeric such 

that "Less than 30 minutes" = 0.25 which represents 25 minutes, "30 minutes - 1 hour" = 0.75, 

which represents 75 minutes, "1 - 2 hours" = 1.5, which represents 1 hour 30 minutes and 

"More 

 

 

 
Figure 9: Visualisation of Average Time Spent Shopping by Income Level 

 

The insights that can be derived from Fig 9 are 1: income level below RM10,000 take the 

longest time to shop online i.e. approximately 20 minutes on average compared to other income 

levels and the income level of RM10,001-RM15,000 spends the least amount of time doing 

online shopping approximately less than 5 minutes on average.  Fig 10 shows the average time 

spent shopping according to age group. 

 

 
Figure 10: Visualisation of Average Time Spent Shopping by Age Group 
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Conclusion and Recommendation 

In this work, we presented visualisations of behavioural data on online shopping among 

Malaysians. The visualisation dashboard incorporates various tasks and interactions, enabling 

users to gain insights into shopping behaviour patterns. We first provided a general overview 

of shopping behaviours based on gender, income level, and age group. We then focused on 

identifying popular product categories across these demographics. Lastly, we explored the 

average time spent shopping among different groups. The tasks involved in the dashboard 

include data aggregation, clustering, and filtering to offer a detailed yet accessible view of 

online shopping behaviours. In terms of interactivity, users can navigate through different tabs 

to explore visualisations such as product categories by income level, age, and gender, as well 

as average shopping time by demographics. The dashboard also abstracts detailed data into 

summarised visual representations, such as doughnut charts and bar charts, allowing users to 

engage with the data in various ways. Future work could focus on more complex tasks, such 

as exploring correlations between product categories and shopping duration or conducting a 

deeper analysis of specific income levels or age groups to uncover their preferred product 

categories. Additionally, incorporating more interactive elements, such as dropdowns and 

sliders, could further enhance user engagement and facilitate data exploration. 
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