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ABSTRAK 
 

Populariti pembelian dalam talian melalui platform e-dagang semakin meningkat dari 
masa ke masa. Harga produk dari pelbagai medium telah menjadi faktor kepada 
pengguna untuk terus membuat pembelian produk. Harga yang hampir sama antara 
produk di kedai dan “online” akan dapat membantu kerajaan untuk mengenal pasti 
produk dengan corak harga yang sama berdasarkan kedua-dua medium ini. Data 
bagi kajian ini adalah berdasarkan kepada data survei dan data “online” dari sistem 
Pemprosesan Indeks Harga Pengguna (survei) dan “Price Intelligence System“ (data 
“crawling”). Tujuh produk yang berkaitan dengan perkakas rumah dipilih dalam 
kajian ini. Persamaan harga diuji menggunakan dua pendekatan yang berbeza sama 
ada menggunakan “Independent Sample T-test” atau “Mann Whitney U” bergantung 
pada taburan data bagi produk yang dipilih. Keputusan kajian mendapati bahawa 
terdapat perbezaan antara harga di luar talian (offline) dengan harga “online” untuk 
semua produk terpilih kecuali produk pemain DVD Panasonic. Persamaan harga 
bagi produk didapati bergantung pada ciri-ciri produk tersebut. Sehubungan dengan 
itu, pendedahan terhadap tingkah laku harga dari pelbagai medium perlu dilakukan 
sebelum dipertimbangkan sebagai penggantian sumber kepada data yang sedia 
ada. 
 
Kata kunci: Produk, Online, Luar Talian, Harga 
 
 

ABSTRACT 

 

The popularity of online purchase through e-commerce platform is expanding over 
time. The cost of product from diverse mediums may become the factor for 
consumer to persistently purchase the product. The price similarity between in-store 
and online store products will be able to assist government for identifying products 
with common price patterns based on these two mediums. This study utilized offline 
and online data sets from Consumer Price Index Processing (survey) and Price 
Intelligence (data crawling) systems. Seven products related to home appliance were 
selected in the study. The price similarities were tested using two different 
approaches either using Independent Sample T-test or Mann Whitney U test 
depending on the data distribution of each selected product respectively. The results 
emphasized there were differences between the offline and online prices for all 
selected products except for Panasonic DVD player. The price similarities of the 
products appeared to be profoundly depending on the characteristics of the 
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products. Thus, prior explorations on price behaviours from diverse mediums need to 
be done before considering for data source substitution.  
  
Keywords: Product, Online, Offline, Price 
 
 

1. INTRODUCTION 
 

Nowadays, fast development of technologies poses a new challenge for government 
and society. They need to think and act efficiently to handle the revolution of 
technology. This rapid technological change provides opportunities for people to 
explore and enhance the current practice, methods and ideas to the most. The 
benefits of these technologies are undeniable where they are useful globally. 
However, technology changes also affect people behaviours. These changes may 
lead to the transition of business characteristics from buying a product from 
department stores to virtual stores using e-commerce platform (Bashir & Khaliq 
Bhatti, 2015). Currently, most retailers and sellers perceive e-commerce as a golden 
opportunity to save their business investment especially in maintaining a place to sell 
products. It is also a huge platform for marketing purposes.  
 
The fast development of e-commerce is contributed the most by the availability of 
different products and the easiness of transacting money over internet (Mathivanan, 
MdGhani, & Janor, 2019). There are large inventories with various kind of products 
sold through online store websites such as Shopee, Lazada, Mydin, DIY, TESCO, 
SOGO and Zalora. Consumers are able to view and buy new products from the 
websites from time to time. They are provided with ease in shopping and flexibility 
where they are able to search for products using specific keywords and know the 
product availability. In addition, online medium is a good alternative for consumers to 
buy products especially when they are living in urban and metropolitan areas. Their 
busyness in dealing with daily life activities contribute to the increasing purchases 
through this medium. They can save their time wondering around shopping mall from 
store to store with buying a product while sitting at home.  
 
Accordingly, the Department of Statistics Malaysia (DOSM) has taken the initiative to 
obtain product prices from online medium through Big Data Project, known as 
Statistics Big Data Analytic (STATSBDA). STATSBDA has been developed since 
December 2016 with three main modules and two supportive modules. One of the 
main modules is Price Intelligence (PI) which the main purpose of this module is to 
collect prices through online medium. PI uses the crawling technology to collect the 
data. When dealing with online medium, the data are mostly unstructured and they 
cannot be controling from user perspective. The selected products for this study are 
chosen based on the availability and consistency of data that being crawled in 
STATSBDA. Hence, this study aims to compare the similarity between offline and 
online prices for home appliance related products 
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2. RELATED WORKS 
 

Big data plays an important role in expanding e-commerce platform throughout the 
world. There has been an increasing growth on big data analytics in establishing this 
platform. Previously, many researchers embarked into studies related to e-
commerce development especially using big data.   
 
2.1 Big Data 

 
Big Data refers to a large growing data sets that can be in the form of structured, 
unstructured and semi structured data. According to Tom Shafer from Elder 
Research, Data Science and predictive Analytic, the history of V in big data starts 
with 3 V’s (Sicular, 2013). After decades, the V’s of Big Data expend to 4 V’s, then 7 
V’s and then 10 V’s. Since the world of analytics are more complex and 
sophisticated, the V of Big Data keep growing and now already became 42 V’s. It 
has a complex nature which is difficult to process using existing technologies 
(Constantiou & Kallinikos, 2015) and it requires advance algorithms to perform the 
big data application Oussous et al. (2018). This highly-generated form of data has 
gained significant momentum as a breakthrough technological development 
(Fichman, Dos Santos, & Zheng, 2014). Organisations expect to gain benefits across 
many domains, such as e-commerce, e-government, science, health, and security by 
adopting technologies related to Big data (Chen et al., 2012). 
 
Most of organisations perceive Big Data as a valuable strategic to achieve their 
goals. The benefits of big data are seen as a source of innovative products, services, 
and business opportunities (Davenport & Kudyba, 2016; McAfee & Brynjolfsson, 
2012). In the era of technology utilization, DOSM takes the opportunity of using big 
data technology to modernize the method of data collection. In additional of current 
practices which are survey and census, the organization also crawled the data from 
online sources. This initiative was taken with the hope of reducing the traditional data 
collection method which is face to face data collection. A further economic and social 
values can be gained from big data through enhanced decision making (Sharma et 
al., 2014) and a good information strategic (Constantiou & Kallinikos, 2015).  
 
2.2 Big Data Analytics 

 
Big data analytics is the process of examining large and varied data sets to uncover 
hidden patterns, unknown correlations, market trends, customer preferences and 
other useful information that can help organizations make more-informed business 
decisions. Currently, DOSM plays an active role in using big data analytics to 
increase the quality of the data and explore the new possibility to produce new 
official statistics. It also provides a great opportunity to produce expertise in fields 
related to big data.  
 
Big data requires those who are suitable and knowledgeable in handling the 
complexity of the data, various methods, architectures and tools. There are several 
terms related to big data analytics which are data scientist, data mining, data 
management and data visualization. Data scientist is the person who extracting 
knowledge and information through scientific method, process, algorithm and 
system. The skills of being data scientist need to grow along with the increasing 
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functionality in big data analytics over the time. Data mining is a step by step 
technique uses to transform the data into useful information. Meanwhile, data 
management is a step to ensure the data are readily with utmost reliability before 
proceed to data visualization. Data visualization is used to portray the outcome in 
easiest way so that people can easily understand the outcomes of a study. 
Visualisation can be present in tables, images, diagrams and graph for a better 
understanding on the data. 
 
2.3 Comparison between Offline and Online Prices 

 

Big data has turned into a primary need for organizations in the technology circles. 
Interest of using Big Data is increasing along with the impact of dealing with this 
technology’s phenomenon. The impact is even bigger when economic impact is 
extended beyond traditional measures of productivity to include in the economic 
measure of a nation through official statistics. One way of utilizing big data is by 
exploring the product information from online store websites (Mathivanan, Ghani, & 
Janor, 2018). Currently, the internet holds the attention of retail market where billions 
of people shop online. Various kind of products can be purchased over the internet 
directly from the seller using a web browser. Meanwhile, the purchasing of products 
from offline market is continuing since years. As opposed to online consumers, 
offline consumers able to observe and examine the products before buying them. 
Hence, both mediums have their own different features that attract consumers to 
purchase products. 
  
The main concern of the study is the product’s price difference when purchasing 
through offline and online mediums. Seminal contributions have been made by 
Cavallo (2017) through the Billion Prices Project (BPP) in addressing the difference 
between online and offline prices for various products. It is the first large-scale 
comparison study involved large multi-channel retailers using combination of prices 
from 56 retailers of online and offline stores in 10 countries which are Argentina, 
Australia, Brazil, Canada, China, Germany, Japan, South Africa, the United 
Kingdom, and the United States. There were three crucial observations regarding the 
similarities of the price levels, price change behaviour, and product selection from 
both stores. It is found that online and offline price levels were identical about 72 
percent of the time, with significant heterogeneity at the country, sector, and retailer 
levels.  
 
Under BPP, there were several other studies had been conducted using small ad-
hoc samples from a few stores for selected categories. Cavallo, Neiman, and 
Rigobon (2014) used online prices of identical goods sold by four large global 
retailers in several countries to study good-level real exchange rates and their 
aggregated behaviour. A year later, they also studied the membership in a currency 
union through the prices of thousands of differentiated goods sold by Zara, the 
world's largest clothing retailer. They found that the membership in a currency union 
had significant implications for a country's real exchange rate. Meanwhile, Borraz et 
al. (2016) used online–offline price dispersion to measure an ‘online‐border’ effect in 
the city of Montevideo, Uruguay. Apart from that, there was compilation of BPP 
project in term of using online price data for measurement of price indices in Cavallo 
and Rigobon (2016).  
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Besides that, there are several studies in the early 2000s compared manually 
collected prices of online and offline stores in a few selected categories of goods. 
Prior study stated that online prices were 9 to16 percent lower and they had smaller 
price changes compared to offline prices for CDs and books (Brynjolfsson & Smith, 
2005). The result was in line with Cavallo (2017) where price of products from both 
mediums were closer together especially for multi-channel retailers. These results tie 
well with previous study by Clay et al. (2002) wherein also obtained similar prices for 
107 books from physical stores of Barnes & Noble and Borders in comparing with 
their online store websites. 
 
Despite comparing offline and online price data, various studies have assessed the 
uses online prices from price comparison websites, which are easier to collect. 
Brynjolfsson and Smith (2005) estimated the price elasticities between products in 
price comparison websites and offline markets The price of products in the former 
medium were relatively high compared to offline markets. Meanwhile, there a strong 
relationship between e-retail sales to a given state and sales tax rates that apply to 
purchases from offline retailers (Ellison & Ellison, 2009). They recommended 
substantial online-offline substitution and the importance of tax avoidance motives. 
Interestingly, the internet prices change less often and not necessarily more flexible 
in the US than in EU countries compared to conventional retail prices for certain 
products (Lunnemann & Wintr, 2011). not hold for all product categories. There was 
an argument on a broader perspective that prices in online markets in the U.S and 
Canada are more flexible in response to movements of the nominal exchange rate 
compared to offline markets (Gorodnichenko & Talavera, 2017).  
 
Taken together, the results for comparing price of products from both mediums seem 
to vary depending on the origin of the data that had been used by previous 
researchers respectively. There is a need to study the behaviour and pattern of 
offline and online markets from Malaysia as it provides a significant information 
either for official statistics or public uses. This study fulfils the requirement to observe 
the price similarities of selected products. According to (Cavallo, 2017), electronics 
and clothing have the highest share of identical prices. However, this study used to 
compare products related to home appliances because of the availability of data 
from both mediums. The study acted as the benchmark for exploring the price 
behaviours of the products from selected offline and online stores in Malaysia. 
 
 

3.   METHODOLOGY 
 

As previously mentioned, the main purpose of this study is to evaluate price 
differences between offline and online store products for selected products. This 
study sampled both offline and online prices from selected home appliances store 
and one of the major e-commerce website in Malaysia respectively.  
 
3.1  Source of Data 
 
Online Data 
 
Online data is data obtained from the internet. Data from the internet is structured 
data and the process for obtaining this data requires expertise in computing. In order 
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to obtain this data set, a platform to crawl the data was created. Then, the data was 
stored in Data Lake, also known as Price Lake. At Price Lake, the unstructured data 
had been transformed into structured data and segregated into the right variable for 
each of the observation. After that, the data underwent data management processes 
which in this process, a dictionary for Consumer Price Index Processing System was 
created so that the structured data could be assigned to the correct categories. The 
process to build the dictionary was quite complicated since there was a need to find 
the right keywords for acceptance and rejection words since the use of words for 
product titles by sellers cannot be controlled.  
 
Offline Data 
 

DOSM is the main government agency collecting all types of data across Malaysia. 
One of the data sets that is being collected is price data from physical stores. This 
price data are important since it is being used to produce the Consumer Price Index 
(CPI). In 2012, DOSM began using Personal Digital Telephone (PDA) to replace 
forms when conducting price data collection. The use of the PDA was implemented 
until 2014 and was subsequently replaced by the use of Computer Assisted 
Personnel Interviewing (CAPI) system gradually. The CAPI system was adopted 
widely in 2017 where DOSM no longer uses PDAs and forms in performing price 
data collection activities. Currently, there are 97 price data collection locations in 
states of Peninsular Malaysia, 21 in Sabah and 19 in Sarawak with the total of 137 
locations. The data used in this study were retailed prices for selected home 
appliances products that available in online data. This study utilised data from 
January to December 2018. It covered all the data collection location in Malaysia, 
include Sabah and Sarawak 
 
3.2   Data Description 
 
This study collected and compared prices for two different product groups which 
were Household and Audio Visual Equipments. The data were collected from 
January 2018 to December 2018. These groups included products such as double 
burner gas cooker, rice cooker, refrigerator and DVD player. The details product 
description as shown in Table 1.  
 

Table 1: Data sets Description 

Code Product Description 
Number of Observation 

Offline Online 

0531041 Pensonic Gas Cooker Double 
Burner  

2,950 386 

0531042 Butterfly Gas Cooker Double 
Burner  

665 453 

0531061 Panasonic Rice Cooker, 1.8L  7,264 526 

0531062 Rice Cooker (Electric), 1.8L  5,315 5,537 

0534011 Refrigerator, 1 Door  5,526 2,308 

0534014 Refrigerator, 2 Door, 280-300L  3,901 555 

091102 Panasonic DVD Player  3,920 518 
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The products were chosen because of their distinguishable characteristics and 
specifications. A double burner gas cooker was more complex than other products 
according to its variety of functionality and product materials. A rice cooker was a 
good to go product where it is commonly purchased by consumer through offline and 
online stores. Meanwhile, refrigerator can imply additional sales through attached 
services and warranties extensions. A DVD player seemed to be a product with less 
variance of different in term of its product specification. 
   
3.3   Equality Test 
 
There were two approaches of statistical inference used in the study to compare the 
similarities of the selected products which were parametric and nonparametric tests. 
Parametric methods refer to a statistical technique in which one defines the 
probability distribution of probability variables and makes inferences about the 
parameters of the distribution (Kim, 2015). In cases in which the probability 
distribution cannot be defined, nonparametric methods are employed. The selection 
of test depends on each product fulfilment of normality assumption.  
 
i. Parametric Test 
 
T-Test is a statistical test that used in comparison of parametric data. There are 
several types of t-test such as One sample, Paired and Unpaired T-Test. One 
sample T-Test finds the difference between mean of one group and population 
mean. Meanwhile, Paired and Unpaired T-Tests measure difference between means 
of two paired and unpaired groups respectively (Niroumand, Zain, & Jamil, 2013). 
This study used Unpaired T-Test because there were two distinct sources of data 
which were offline and online data sets. The T-Test method compares two data 
groups using t value that is calculated by, 

 
 

                 𝑡 =  
𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑔𝑟𝑜𝑢𝑝 𝑚𝑒𝑎𝑛𝑠 (𝑑)

𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑒𝑟𝑟𝑜𝑟 𝑜𝑓 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑔𝑟𝑜𝑢𝑝 𝑚𝑒𝑎𝑛𝑠 (𝑠𝑒)
    (1) 

 
                                        𝑑 = 𝑥̅𝑜𝑓𝑓𝑙𝑖𝑛𝑒 − 𝑥̅𝑜𝑛𝑙𝑖𝑛𝑒       (2) 

 

                                𝑠𝑒 = √𝑠2 (
1

𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒
+

1

𝑛𝑜𝑛𝑙𝑖𝑛𝑒
)      (3) 

 

                          𝑠2 =
∑ (𝑥𝑖−𝑥̅𝑜𝑓𝑓𝑙𝑖𝑛𝑒)

2
+∑ (𝑥𝑗−𝑥̅𝑜𝑛𝑙𝑖𝑛𝑒)

2𝑛𝑜𝑛𝑙𝑖𝑛𝑒
𝑗=1

𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒
𝑖=1

𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒+𝑛𝑜𝑛𝑙𝑖𝑛𝑒−2
     (4) 

 

where 𝑥̅𝑜𝑓𝑓𝑙𝑖𝑛𝑒 and 𝑥̅𝑜𝑛𝑙𝑖𝑛𝑒 are the sample means, 𝑠2 is the pooled sample variance, 

𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒  and 𝑛𝑜𝑛𝑙𝑖𝑛𝑒  are the sample sizes of the two data sets respectively. The 𝑡 is a 

Student t quantile with 𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒 + 𝑛𝑜𝑛𝑙𝑖𝑛𝑒 − 2 degrees of freedom. The mean 

difference and it’s 95% confidence interval were calculated and the values can be 
either positive or negative values. A p-value was also calculated where p is the 
probability of a false-positive event.  The test can be used if the two samples are 
roughly normally distributed and should have approximately equal variances.  
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However, the samples with unequal variances can be obtained using calculation for 
standard error of the difference between the means of unequal variances 
represented by,  
 

                                                𝑠𝑒 = √(
𝑠𝑜𝑓𝑓𝑙𝑖𝑛𝑒

2

𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒
+

𝑠𝑜𝑛𝑙𝑖𝑛𝑒
2

𝑛𝑜𝑛𝑙𝑖𝑛𝑒
)     (5) 

 

                                       𝑠𝑜𝑓𝑓𝑙𝑖𝑛𝑒
2 =

∑ (𝑥𝑖−𝑥̅𝑜𝑓𝑓𝑙𝑖𝑛𝑒)
2𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒

𝑖=1

𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒−1
      (6) 

 

                                         𝑠𝑜𝑛𝑙𝑖𝑛𝑒
2 =

∑ (𝑥𝑗−𝑥̅𝑜𝑛𝑙𝑖𝑛𝑒)
2𝑛𝑜𝑛𝑙𝑖𝑛𝑒

𝑗=1

𝑛𝑜𝑛𝑙𝑖𝑛𝑒−1
      (7) 

 
ii. Non-Parametric test 
 
Nonparametric test is a distribution-free test. It used when the information about 
population’s distribution did not exist then nonparametric test is used. Most common 
nonparametric tests are Wilcoxon test, Mann Whitney U test, and Kruskal-Wallis test. 
Even though the parametric test creates more accurate estimates but nonparametric 
test is widely used when data do not meet the assumptions of the parametric test 
(Vickers, 2005). This study used Mann Whitney U test to compare the population 
similarity between the two samples according to their medians. The test is denoted 
as U and the value is defined by the smaller value between 𝑈𝑜𝑓𝑓𝑙𝑖𝑛𝑒 and 𝑈𝑜𝑛𝑙𝑖𝑛𝑒 . The 

calculations are represented by,  

                      𝑈𝑜𝑓𝑓𝑙𝑖𝑛𝑒 = 𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒𝑛𝑜𝑛𝑙𝑖𝑛𝑒 +
𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒(𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒+1)

2
−  𝑅𝑜𝑓𝑓𝑙𝑖𝑛𝑒   (8) 

                      𝑈𝑜𝑛𝑙𝑖𝑛𝑒 = 𝑛𝑜𝑓𝑓𝑙𝑖𝑛𝑒 𝑛𝑜𝑛𝑙𝑖𝑛𝑒 +
𝑛𝑜𝑛𝑙𝑖𝑛𝑒(𝑛𝑜𝑛𝑙𝑖𝑛𝑒+1)

2
− 𝑅𝑜𝑛𝑙𝑖𝑛𝑒   (9) 

 
Where 𝑅𝑜𝑓𝑓𝑙𝑖𝑛𝑒  is the sum of the ranks for offline price data and 𝑅𝑜𝑛𝑙𝑖𝑛𝑒 is the sum of 

the ranks for online price data. Unlike unpaired T-test, the Mann Whitney U test only 
provided the median difference between the two samples. Since the nonparametric 
test works with ranks, it is usually not possible to get a confidence interval with 
exactly 95% confidence. Although the U test is often referred to as testing whether 
two groups have the same median, it is really a global test of difference of the two 
data distributions (Smalheiser, 2017). 
  
 

4.  RESULTS AND DISCUSSION 
  
This section shows the price behaviour comparisons for offline and online products. 
The pattern of the prices is described after data cleaning process such as outlier 
treatment using interquartile rule for outliers (Tukey, 1977). Table 1 presents the 
descriptive statistics include median, mean and mean difference for offline and 
online prices according to the selected products. It is apparent from this table that 
product 091102 consist of nearly similar mean between their offline and online 
prices. On the other hand, there were noticeable median and mean differences 
between the prices from the two mediums for the remaining products.  
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Table 3: Overall Descriptive Analysis for Selected Products 

Product Data Source Median Mean 
Mean 

Difference 
(Percent) 

Pensonic Gas Cooker 
Double Burner  

(531041) 

Offline 70 85.11 
35.53 

Online 63 59.43 

Butterfly Gas Cooker 
Double Burner  

(531042) 

Offline 173.95 169.28 
85.37 

Online 68.5 68 

Panasonic Rice  
Cooker, 1.8L  

(531061) 

Offline 107 112.02 
16.88 

Online 93.4 94.58 

Rice Cooker  
(Electric), 1.8L  

(531062) 

Offline 96.6 97.94 
10.77 

Online 88 109.09 

Refrigerator, 1 Door  
(534011) 

Offline 700.5 718.51 
42.04 

Online 470 468.93 

Refrigerator, 2 Door,  
280-300L  
(534014) 

Offline 1344 1335.65 
24.89 

Online 1049 1039.96 

Panasonic DVD Player  
(091102) 

Offline 169 173.98 
0.057 

Online 148 173.88 

 
Specifically, closer inspection of the price behaviours can be seen from Figure 1 and 
2. Each of the figures visualizes the median and mean on a monthly basis for the 
group of selected products according to previous results on general statistics 
respectively. In Figure 1, monthly median and mean for products 0531041 and 
0531061 were close to each other for online and offline prices. This result implied 
that the product distributions could be assumed to be approximately symmetrical. 
Product 0531062 had slightly lower median and higher mean for online prices 
compared to offline prices over the months as shown in Figure 2. The stability of 
median and mean were portrayed for offline prices of product 0531042 but not for 
the online prices.  
 
Meanwhile, Products 0534011 and 0534014 had higher median and mean for offline 
prices compared to online prices. However, the results might show that the products 
had approximately symmetrical distributions because the price movements between 
median and mean over the month were quite similar for both mediums. One of the 
most noticeable change was the median and mean of online prices for product 
091102. Figure 3 presented the histogram of offline and online prices based on 
products.  
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Figure 1. Monthly Descriptive Statistics for Offline and Online Prices  
(Products 0531041, 0531042, 0531061) 
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Figure 2. Monthly Descriptive Statistics for Offline and Online Prices  
(Products 0531062, 0534011, 0534014, 091102) 
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Figure 3. Histogram of Offline and Online Prices based on Products 
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A distribution of each product can simply obtained from this figure. For offline prices, 
all products were seemed to have symmetric distributions where most of the 
observations cluster around the central peak and the probabilities for values further 
away from the mean taper off equally in both directions except for product 0531041. 
Meanwhile, only two products which were 0531061 and 0534011 seemed to have 
symmetric and unimodal distributions for online prices. However, product 091102 
consist of observations cluster around two central peaks. Hence, this product 
seemed to have bimodal distribution rather than a unimodal distribution.  
 
The similarity between offline and online prices of the selected products were 
determined based on equality test either using parametric or non-parametric 
approach based on its suitability. Table 4 shows that three out of seven products 
were preferable to use parametric approach known as Independent sample t-test. 
The remaining products were fitted under non-parametric approach known as Mann 
Whitney U test. The decisions were made based on the fulfilment of normality 
assumption for offline and online prices of each product.   

Table 4: Suitable Equality Test for Comparing Price of Offline and Online 
Product 

Product 
Data Distribution  Suitable 

Equality Test Data Offline Data Online 

Pensonic Gas Cooker 
Double Burner  

(531041) 
Not Normal Not Normal Mann Whitney U 

Butterfly Gas Cooker 
Double Burner  

(531042) 
Normal Not Normal Mann Whitney U 

Panasonic Rice  
Cooker, 1.8L  

(531061) 
Normal Normal 

Independent 
Samples T-Test 

Rice Cooker  
(Electric), 1.8L  

(531062) 
Normal Not Normal Mann Whitney U 

Refrigerator,  
1 Door  

(534011) 
Normal Normal 

Independent 
Samples T-Test 

Refrigerator,  
2 Door, 280-300L  

(534014) 
Normal Not Normal Mann Whitney U 

Panasonic DVD Player  
(091102) 

Normal Normal 
Independent 

Samples T-Test 

 
The offline and online prices of all products were tested according to their preferred 
tests and the results are shown in Table 5. Independent sample t-test was used to 
compare mean from each of the medium. Column 3 in Table 5 shows the p-values of 
two-sided t-tests with null hypotheses of equal mean frequencies for offline and 
online prices of products 0531061, 0534011 and 091102. Meanwhile, the rest of the 
p-values referred to a Mann Whitney U tests with null hypotheses of offline and 
online prices samples from the same population for products 0531041, 0531042, 
0531062, 0534014. 
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Table 5: Price Comparison using Equality Test 

Equality Test Product P-value 
Mean difference  
(Offline, Online) 

Independent 
Sample T- test 

Panasonic Rice  
Cooker, 1.8L  

(531061) 
2.2e-16  (112.02 ,  94.58) 

 
Refrigerator,  

1 Door  
(534011) 

2.2e-16  (718.51, 468.93) 

 
Panasonic DVD Player  

(091102) 
0.9553 - 

Mann Whitney U 
Pensonic Gas Cooker 

Double Burner  
(531041) 

2.2e-16 - 

 
Butterfly Gas Cooker 

Double Burner  
(531042) 

2.2e-16 - 

 
Rice Cooker  

(Electric), 1.8L  
(531062) 

2.2e-16 - 

 
Refrigerator,  

2 Door, 280-300L  
(534014) 

2.2e-16 - 

 
Among the three products that utilized the test, only product 091102 had not found a 
significant different between its offline and online prices. For product 0531061 and 
0534011, the offline prices were higher that online prices respectively. Meanwhile, 
the Mann Whitney U tests showed two samples which were offline and online prices 
from each of the four products were not from the same population. The calculations 
were based on their median differences. The results suggested that a randomly 
selected value from offline prices will be less than or greater than a randomly 
selected value from online prices. 
 
There is variation of price changes behaviour between offline and online sample of 
products. This study included four kind of home appliance products which are double 
burner gas cooker, rice cooker, refrigerator, and DVD player. The result reported that 
only product 091102 which is DVD player consist of similar mean prices between the 
two mediums. Despite the increasing revenues from movie theatre tickets and 
electronic streaming services, the possible reason may because of the demand for 
DVD player was decreasing over the years (Walker et al., 2017). Hence, the volatility 
of the price is lower compared to other products. Retailers do not bother on the price 
behaviours between different selling mediums. In addition, the specification of DVD 
player is less complex compared to other selected products. Hence, there is low 
variation of price with two different range either it was a cheap or expensive model.  
 
One of the reasons for the differences between online and offline prices for the 
remaining six products was the price dispersion among online retailers is linked to 
product characteristics which can allow higher prices. Multi-channel retailers with 
established brands in physical stores can better manage price premiums compared 
to pure-play online retailers, although this is not observed in high competitive 
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markets such as books, CDs, and flight tickets (Flores & Sun, 2013). The price of 
high demand products such as double burner gas cooker, rice cooker and 
refrigerator were easily manipulated with desirable promotions and discounts 
especially through online services. 
  
In relation to DOSM’s initiative of using online medium in the price data collection 
method, it is possible to be done for selected products. The nature of each product 
need to be studied with a solid investigation on the price similarities and consistency 
between offline and online products. Specifically, the price collected on the web will 
tend to be identical to the one that can be obtained by walking into a physical store 
for products such as electronics or clothing. However, the source of data need to be 
clearly identified to have homogenous prices from both mediums. This study only 
utilised product information from one of major online store websites for data 
benchmarking purpose. A price comparison from different online sources that in line 
with in-store products will provide a better information in replacing data collection 
method for official statistics.  

 
 
5. CONCLUSION 
   
This study has observed the pattern of the prices from offline and online stores for 
the selected products. There is a similar pattern between online and offline prices but 
their price level is consistently different from one another. Mainly, this study has 
presented the comparison between offline and online prices for selected products. 
The results have shown there are differences between the online price collected 
from a website and the offline price obtained by visiting the physical store for all the 
selected products except for product DVD player. It can be concluded that the price 
similarity of a product is highly depending on the characteristics of the particular 
product.  
 
For the benefits of DOSM, online prices from websites can be used as a compliment 
for data-collection method in producing CPI. The collection of prices data through 
online are cheaper rather than conventional method. It also consists information for 
all goods sold by each retailer, with many details per product and uncensored price 
spells. However, there are also undeniable limitations of using online data where the 
selection of substitution products is a challenging task because not all products in 
Consumer Price Index Processing System can be easily replaced without prior 
investigation. Hence, there are several future studies can be done such as, 

 Study on similarities of other products such as electronics and clothing 
products from offline and online stores.  

 Study on data coverage for both offline and online mediums before 
comparing the similarity of the prices.  

 Multiple data sources can be considered to broaden the price coverage.   

However, further studies are not limited to the suggestion provided. Comprehensive 
studies need to be done with involvement of various expertise before considering for 
data source substitution in national statistics.  
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