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Abstract
Introduction. Until now, the impact of learning variables on consumers' choices concerning Chinese
product brands in the international online shopping framework remains unknown. Accordingly, this study
aims to examine the effect of those learning variables on global consumers' choices of Chinese product
brands.
Method. A total of 44,704 transactions related to the buying process have been collected from a
programming language and the Octopus Software within a Chinese International Online Shopping
platform.
Analysis. The 44,704 transactions have been analyzed through a Decision Tree.
Results. The study points out that the number of e-retailers' subscribers reinforces the international
consumers' trust online. At the same time, the pricing levels and quantity of product availability are used
by global online consumers to assess the originality of Chinese product brands.
Conclusions. First, this study extends the existing literature on consumer learning by going beyond the
learning variables considered. Second, the study boosts consumer learning literature by elucidating the
most significant learning variables guiding international online consumers' choices and purchases. The
application of the results will enable brands and e-retailers to understand (1) the stages of the international
online consumers' choice; (2) the buying strategies of global consumers.
Keywords: Chinese smartphone brands, Decision trees, e-stores subscribers, consumer learning

1. Introduction
Purchasing online is nowadays the norm in consumers' daily shopping modes because of the great
convenience it offers (Hong et al., 2017). In this perspective, Chinese domestic electronic
commerce's rapid growth, supported by China's exceptional digital development, has opened up
new prospects for its International online sales (IOS). The rate of Chinese global online sales in
China's international trade increased from about 10 in 2010 to 40 in 2015 (Wang et al. 2017). In
2020 it was expected that the turnover would reach ¥ 12 trillion, representing 37.6% of Chinese
international commerce (Wang et al., 2017). This unprecedented growth relies on companies like
Alibaba, which attract world consumers influenced by Chinese product brands' affordable prices.
Arousing, thus, a growing interest among international online consumers in purchasing Chinese
product brands directly via Chinese global online sales platforms. However, with technological
development modifying consumer behaviour and purchase strategies (Constantinides, 2004),
consumers' learning about transaction factors through information processing is increasingly
considered (Arnould et al., 2004).
Indeed, the transaction process of IOS is quite different from that of domestic online shopping due
to the geographical situation separating purchasers and sellers. Unlike national online shopping,
customers and vendors live in various geographic areas and temporal. Besides, there is a high risk
of purchasing fake products (Lin et al., 2018). Moreover, the refund process is more complicated
than domestic online shopping (Lin et al., 2018). Therefore, international online consumers worry
during the selection of the transactional components (e-retailers, product brands, and shipping
conditions). To reduce risk-taking, buyers learn about the transaction components through buyers'
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ratings and other variables related to the transaction, such as store age, store reputation, stores
number of subscribers, Quantity of product availability, the number of products sold, price and
delivery time (Edt). According to Mo et al. (2015), these buyers' ratings furnish post-purchase
information, affecting new customers' purchasing behaviour and decision-making. Besides that,
other attributes related to the transaction provide information on the state of the transaction and
influence consumer behaviours. In this regard, Wang et al. (2017) state that product-related
information, for instance, catch consumers' attention and impact their buying actions.
Nevertheless, the effect of those learning variables on the choice and purchase of Chinese product
brands remains unknown. Indeed, even though previous research has examined the impact of
buyers' ratings on purchases and choices, very few studies have considered the combined effect of
rating and transactional variables related to the products and stores (Zhao et al., 2013; Liu, 2006).
Consequently, this study investigates the effect of these learning variables on the choice and
purchase of Chinese smartphone brands.
Several works modelled the effect of some of those variables on purchase and choice under various
purchase conditions using theories, such as the Bayesian learning model (e.g., Iyengar et al., 2007)
and Stimulus-Organism-Response Model (e.g. Mo et al., 2015). However, this study goes beyond
previous ones. In this study, we investigate the combined effect of buyers' ratings and variables
related to products and stores on purchasing and choosing Chinese smartphone brands through a
machine learning model.
The framework of this study concerns only the purchase and choice preferences of Chinese
smartphone brands. When purchasing online products such as smartphones, their quality is
unknown until consumers receive and use them. When purchasing online products such as
smartphones, their quality is unknown until consumers receive and use them. It is not easy to be
sure about the actual state of such a product before one has received it. Therefore, learning is highly
recommended during the purchase process. Figure 1 presents the general framework of the study.
The study is organized in this manner: We first start with the literature review. Then we highlight
the theoretical foundation of the previous work and present the decision tree algorithm's theoretical
basis. Next, we explain the data structure and expose the results and discussions. Finally, we offer
theoretical contributions, conclusions, implications, and limitations.

1. Rating

2. Stores and Product
Attributes:
Age; Reputation; subscribers;
Quantity of product
availability; Product sold;
Price; Edt

IOCs' learning and
trust
reinforcement

Choices

IOCs = international online consumers

Fig.1. General framework

2. Literature review

Experiences
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With a digital era reinforcing relationships between customers and products, consumers' learning before
purchase is increasingly considered. Learning before purchase helps consumers cope with increased product
complexity while affecting their attitudes, behaviours and preferences (Arnould et al., 2004; Fang and Xu,
2011). Many studies utilized various models and theories to provide insight into the effect of consumers
learning on purchases. One may cite the Bayesian learning model, the most utilized model among those
theories and models. Thus, using the bayesian model, Mehta et al. (2003) investigated the pricing search
effect on the purchase when there is uncertainty on brand prices and found that consumers spend huge costs
on brand prices search. However, the search costs do not affect the purchases. Erdem et al. (2004)
discovered that learning about quality and price significantly affects brand choices in various countries.
Iyengar et al. (2007) modelled consumers' learning of quality and quantity of services while taking on the
base of the pricing scheme. They showed that consumers' learning of service plan quantity and quality based
on the pricing scheme affects the service plan's choice. Zhu and Zhang (2010) have highlighted a differential
impact of consumers' learning from consumer reviews in purchasing products in the same category. Zhao
et al. (2011) modelled consumers' learning of product quality in the context of product degradation. Their
results demonstrated that the context of product degradation affects consumers' purchase behaviour. Finally,
Zhao et al. (2013) modelled the effect of consumer learning through online product reviews on consumer
choice. The results show that favorable and frequent reviews have less impact on consumer choice.
Given the above, this research aims to study the effect of other learning factors, such as the ratings, the
number of products available for sale, etc. These attributes provide information on the transaction's state.
i.e., the product quality and e-store reputation can modify consumers' decision-making before purchasing.
Table 1 below summarizes the above research.
Table.1. Research related to consumer learning and results
Choice

Learning
Variable

Framework

Results

Products

Price

Offline

Influences consumer
purchase

Brands

Quality and
price

Offline

Influences consumer
purchase

Offline

Influences consumer
choice

Online

A differential impact
on consumer purchase.

Offline

The situation of
product degradation
affects consumers'
purchase behavior.

Online

Positive and frequent
reviews have less
impact on consumer
choice

Year

Author

Data

Product

2003

Mehta et
al.

Scanner
data

2004

Erdem
et al.

Scanner
panel
data

Liquid
detergents
laundry
detergent,
toilet paper,
margarine

2007

Iyengar
et al.

Scanner
panel
data

Services

Plans of
services

2010

Zhu and
Zhang

Panel
data

Video game

Products in the
same category

2011

Zhao et
al.

Scanner
panel
data

2013

Zhao et
al.

Scanner
panel
data

Peanut butter
in the context of
a product
degradation
crisis
Book titles

Quality,
quantity and
pricing
scheme
Consumer
reviews

Products

Quality

Experiential
products

Online
product
reviews

2.1. Learning variables and purchase decision
According to Lakshmanan and Krishnan (2011), consumer learning is essential in consumer decisionmaking. It provides consumers with information that influences their purchase attitudes and choice
intentions. Arnould et al. (2004) consider it a series of actions the consumer takes during the purchasing
process. Those actions can modify their point of view and purchase behaviour due to online information
treatment. In line with that, we define in this study as learning variables any transactional variable
susceptible to providing information on the transaction and able to impact consumers' purchases and
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choices. Therefore, we considered in this study two groups of learning variables. Namely, buyers' ratings
and variables related to the transactional components such as products (e.g., price), e-retailers (e.g.,
subscribers), and shipping conditions (e.g., delivery time).

2.2. Consumer experiences: ratings
Technological development has modified consumer buying behaviour and strategies (Constantinides,
2004). Henceforth, online buyers can easily access former buyers' buying experiences (Zhao et al., 2013)
and e-retailer selling behaviours. Research proves that these experiences impact purchases (e.g., Zhao et
al., 2013; Chevalier and Mayzlin, 2006), consumers' conduct and choices (Kostyra et al., 2016). According
to Mo et al. (2015), reviewing the ratings constitutes the initial step in the learning process. With these
ratings, consumers can obtain former buyers' views concerning the transactional components. In tis regard,
Mo et al. (2015) showed a substantial positive impact of ratings on online consumers' buying behaviours.
Therefore, we incorporated them as learning variables to study their effect on IOCs' purchases and choices
of Chinese smartphone brands.

2.3. Learning variables of the transaction components
Similar to domestic e-commerce, international online selling is a process that involves at least three phases
on the selling platforms: the choice of the e-store outlet, product choice, and shipping conditions.
Accordingly, each of these phases imposes decision-making on customers. Thus, once the customer decides
to buy a particular product (Yrj and Saarij, 2019), he searches for the relevant information related to those
3 phases or components and then chooses the base of the available alternatives. The customer analyzes the
attributes related to these three components before purchasing using the competitive advantage between
different e-retailer outlets on the international platform. Therefore, adding the information about former
buyers' ratings becomes essential for studying the effect of the learning variables on choice and purchase.
Indeed, even though previous research has examined the impact of some learning variables, such as buyers'
ratings (e.g., Zhao et al., 2013; Liu, 2006) about product purchases, few studies have considered, in addition
to the buyers' ratings, the variables associated to products and stores.

2.4. Selling experience
There is a huge competition between different e-retailer outlets within the Chinese international online
selling platforms. These selling platforms are a gateway between Chinese brands and global online
consumers. In this context, the selling behavior of e-retailer outlets can influence consumers' attitudes and
the reputation of Chinese brands. To deal with that, e-retailer outlets use their ratings to attract buyers. Yrj
and Saarij (2019) show that retailer ratings are critically important in attracting customer purchases.
Accordingly, we utilize the age of the e-retailer outlets as an indicator of their selling experience. Therefore,
we included that variable as a learning variable.

2.5. Price
The price has always been considered a significant factor in product purchasing. In the international online
shopping framework, consumers also pay customs duties in addition to the product price. However, as the
customs fees and customs process differ from country to country, we did not consider the custom fee.
Consequently, we considered only the product price. Some works have already investigated the effect of
price learning on choices and purchases. For instance, Mehta et al. (2003), Iyengar et al. (2007), and Erdem
et al. (2004) have all highlighted a positive influence of price learning on purchases. Therefore, the study
included the price as a learning variable to study its effect on international online consumers' choice
preferences between Chinese mobile phone brands.

2.6. Quantity of product available

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 August 2022

doi:10.20944/preprints202208.0148.v1

The availability or not of a product at store outlets is a characteristic that one observes within numerous
sale cases (Conlon et al., 2012). According to Conlon et al.(2012), that issue is among consumers' major
worries in their purchase process. Most studies on product availability showed positive links between
product availability and sales. However, the demand models have always been built by ignoring this fact
(Shah et al., 2015). Similar to this, Shah et al. (2015) showed that any purchase model made without
considering the effect of the product's availability may lead to biased inferences. In the IOS framework, the
level of product availability and the number of products already bought is somehow interpreted by
customers as a sign of quality product, improving their trust in products. In this regard, Sunil (1988) shows
that the number of products already sold influences future purchases. Accordingly, we include these two
attributes as learning variables.

2.7. The delivery times
Delivery time has always been a crucial factor in the online purchase framework. Numbers of research
pointed out that delivery time is among the factors that substantially influence purchase intention (Nguyen
et al., 2018; Rao et al., 2011; Xing, 2010). According to Rao et al. (2011), the delivery delay has an adverse
effect on consumer buying conduct. However, Xing (2010) shows that speedy delivery positively influences
consumers' purchases. Within the IOS framework, the delivery attribute and its related elements constitute
substantial factors that lead to consumer choice during the learning process and purchase. Consequently,
we include the delivery time as a learning variable in studying international online consumers' choices and
purchases between Chinese brands.

3. Theoretical foundation
3.1. Decision tree algorithm
Most previous studies investigated the effect of learning on purchase and choice, mainly through
frameworks and theories associated with the Bayesian model. In line with that, Mehta et al. (2003), Erdem
et al. (2004), Iyengar et al. (2007), and Zhao et al. (2011) all utilized the Bayesian framework to model
consumer learning using different theories. However, Zhao et al. (2013) employed an extension of the
Bayesian framework to model consumer learning, mainly through rating, reviews, and price. Nevertheless,
given this research's objective to investigate the effect of the learning variables on choices through ratings
and variables related to the products and e-stores, we utilized a machine learning model (decision tree).
Supervised learning is a classification technique based on known outcomes. This method has several
algorithms (Random forests, decision trees, etc.). The decision tree uses different metrics to determine both
the variable to partition and where to create the section. To implement that, we worked with a scikit-learn
open-source library through Anaconda. Implementing a Decision tree relies on the Gini method (Gini
Impurity and Information Gain) to quantify the level of uncertainty within the dataset. We used entropy
reduction to implement the predictive model. The entropy of the impurity D of the training dataset is shown
as follows (Gupta et al., 2017):
𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷) = ∑𝑐𝑖=1 −𝑝 𝑙𝑜𝑔2 (𝑝𝑖 )
(3.2.1)
𝑝𝑖 is estimated by |𝐶𝑖,𝐷 |/|𝐷| to measure the probability that D to class Ci. The evolution of entropy follows
the uncertainty inherent in the dataset with a value between 0 to 1
As a classification model, the decision tree is among machine learning techniques (Roy et al., 2019). Among
those different classification techniques, the decision tree algorithm is a technique regarded as an efficient
method (Elouedi et al., 2000). Accordingly, several studies have been conducted to model consumer
behaviour with a decision tree. For instance, with the decision tree, Moore and Carpenter (2010) studied
consumers' behaviour toward distributor brands. Costa et al. (2019) utilized a decision tree to discover
online reviews' patterns and predict fake evaluations. Naveen et al. (2018) used several classification
methods, including a decision tree, to detect user review and rating manipulation. Kumar et al. (2019)
combined several machine learning methods to investigate customers' repurchase intentions, including a
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decision tree. However, despite the forcefulness of different machine learning techniques to examine
complicated issues (Moro et al., 2014), the decision tree remains the best for comprehending the result
(Costa et al., 2019). Accordingly, we utilize the decision tree in this work.

4. Data
A unique dataset comprising the whole stages of the transaction process has been collected from a Google
spreadsheet programming language and Octopus software. We organized the dataset in terms of groups of
3 learning Factors, namely, store factor, product factor, and logistics factor. 44704 transactions from 110
e-retailing stores were analyzed. Table 1 presents a list of the elements and their related variables. The age
indicates how long an e-retailer was engaged in international online shopping transactions. That is to say,
that variable is taking care of the experiences of e-retailers. The reputation variable tells us the selling
behaviour of the e-stores. It is made up of buyers' ratings on product quality and a rating on e-retailers'
communication with buyers during the purchase process. We took the average of these two attributes by
grouping them under the term reputation since these variables give the buyer information about the selling
behaviour and product qualities of the e-retailer. The subscribers' variable of the e-store measures the
popularity of the store. For the product factors, we have the quantity of product availability (qpa) and the
number of products sold (psold), which takes care of the extent of the demand for an item. We utilized the
average product price to implement the model, given the approximate pricing policy used by some e-stores
(e.g., $123-150). The Logistics factor is composed of only the Estimated Delivery Time (Edt). Thus, the
whole dataset contained eight variables with the target variable (brand). The four brands have within the
dataset 3 product lines (e.g., Cover, Screen protector, and Mobile phone) sold to 126 countries from 2017
to 2018. We selected these brands because of their global popularity and within the online selling platform,
namely Huawei (Br0=0), Xiaomi (Br1=1), Meizu (Br2=2), and Coolpad (Br3=3). In Table 2, we present
the descriptive statistics of variables. Note: In Table 2, the sales are calculated with the number of choices
of each brand (transaction) but not with the number of sales exposed by sellers.

5. Results
5.1. Statistical analysis
The learning variables were examined through statistical analysis, correlation matrix, and decision tree to
assess their effects on consumer choices and purchases. First, the statistical analysis and correlation matrix
have been performed through SPSS. Then we utilized the decision tree algorithm to classify and determine
the effects of the learning variables on consumers' choices and purchases. The results offer insights into the
role of the learning variables on consumers' choice preferences and options. As shown in Table 2, one
observes that all four brands have been sold within e-stores having almost the same average reputation.
However, even if the difference is weak, Xiaomi's products are sold in stores with a higher reputation rate
in the mean (4.78) compared to its competitors.
Likewise, we see that the average price of Xiaomi's products was higher ($104.04) compared to Huawei
($43.48) and Meizu ($41.01). However, Xiaomi's products were the most purchased (79.91%) compared to
Huawei (12.82), Meizu (5.01%), and Coolpad (2.26%). One could say the reputation had influenced sales
of Xiaomi products. However, we observe that Coopald products have been sold in almost identical
conditions to those of Xiaomi (a high price ($163.58); and a high reputation (4.76)). Nevertheless, Coopald's
products are the least sold among brands. In Table 3, we observe that the correlation between reputation
and all of the learning variables is significantly negative, except for the correlation between the reputation
and the price, which has a positive correlation with prices (0.089; * * p <0.01).
Table.2. Descriptive statistics and average variables per brand
Factor
Variable
Mean
Age
4.14
Store's
Reputation
4.76
Factor
Subscribe
156950.3

Std. Dev.
2.37
0.07
273040.6

Huawei
4.11
4.74
4085

Xiaomi
4.1
4.78
293885

Meizu
3.72
4.74
4051

Coopald
5.55
4.76
32643
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18626.07

68728.18

43278.76

4211.83

26308.18

4118.76

Logistics
Factor
-

Quantity of Product
Availability (qpa)
Product sold
Product price
Estimated Delivery Time
(Edt)
brand =choice
-

2783.34
81.43
23.69

3987.22
104.57
12.1

1192.43
43.48
27.54

4260.62
104.04
19.9

1130.34
41.01
27.62

1134.53
163.58
29.87

0.93
-

-

-

-

-

-

-

-

-

-

-

-

Brands distribution (%)
Sales (%)

Cover
Screen
protector
Mobile phone

0.8
Dataset
(%)
48.54
7.84
43.66

43.63
12.82

39.1
79.91

18.18
5.01

0.1
2.26

Product
Factor

That means the reputation of e-retailers does not significantly influence purchases. However, the positive
relationship of the reputation with prices (0.045; * * p <0.01) means that the more the e-retailers have an
excellent reputation, the higher the prices of their products are. One may understand these outcomes from
the fact that the e-stores utilize these ratings as marketing tools to sell their product at higher prices.
However, as shown in this outcome, the rating has no positive influence on choices and purchases. Most
online customers, more and more, are aware that these ratings, most of the time, do not reflect the true
nature of the e-retailers selling behaviours. The experienced e-buyers are aware that these ratings are
manipulated by sellers, as demonstrated by Zhao et al. (2013) and Naveen et al. (2018). Therefore,
purchasers base their purchases and choices on other transactional variables, which are more difficult to
manipulate by e-sellers, such as e-retailer selling experience (age), the number of e-retailers' subscribers,
the number of products sold, etc. Online selling platforms control the updates of these variables. It is,
therefore, almost impossible for retailers to manipulate these variables.
Table 2 shows that Xiaomi, the market leader in sales, has the highest number of subscribers (293885). In
Table 3, a positive relationship between subscribers and the number of products sold (.619; **p< .01) as
well as between subscribers and price (.460; **p< .01) is highlighted. However, one observes a negative
connection with the delivery time (-.531**p< .01).
A positive relationship between number of products sold and the quantity of product availability (.028; **
p< .01) as well as with the price (.205; **p< .01) were found. That means the number of retailers' subscribers
and the number of products available for sale influence consumer purchase and choice tendencies within
stores having higher prices and shorter delivery times. Accordingly, the price levels, the number of
subscribers, and product availability positively influence consumer purchases and choices. This finding
could explain why Xiaomi's products have been more purchased than the three other competitors despite
their high price levels.

5.2. Decision tree analysis
Transactional data is classified on the basis of the attribute "brand." 70% of the data were randomly utilized
to build the decision tree. The result of the decision tree was evaluated with samples' remaining (30%).
Table 4 presents the accuracy of the predictive model across each variable. Fig.2 presents the decision tree
after implementing the algorithm. The first node is constituted of the attribute or variable of Estimated
Delivery Time (Edt). We observe that the variable of Estimated Delivery Time constitutes the first node
with the highest entropy value (1.614). Therefore, our four brands have that variable as the basis of
classification. That indicates that if one utilized only that single variable (e.g., Edt) to predict the consumers'
choices, that variable could only predict with maximum precision of 61.4%.
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Table.3. Correlation of variables
Variable
1
1
age
-.004
reputation
.339**
subscribers
-.002
quantity of product availability
.128**
product sold
.045**
price
-.054**
estimated delivery time (Edt)
Note: ** correlation is significant at the 0.01 level
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2

3

4

5

6

7

1
-.023**
-.029**
-.020**
.089**
-.200**

1
-.136**
.619**
.460**
-.531**

1
.028**
-.181**
.128**

1
.205**
-.432**

1
.446**

1

Fig.2 and Table 4 through the left branch show that 17240 purchases representing about 55.09% of
purchases, have been classified and predicted by the algorithm based on only three variables (qpa, price,
subscribers) out of 7. Besides, we see that the three most sold brands (Huawei; Xiaomi; Meizu) were chosen
based on the price (≤ 67.0 and ≤ 131.5) as a root node. Moreover, we see from Table 3 that 43.93% of
Huawei purchases were selected on the basis of the price (≤ 131.5), qpa (≤ 1479.5; qpa ≤ 7374.0; qpa ≤
9050.0), and subscriber (≤ 113.5; subscriber ≤ 90.5). Therefore, these three learning variables (qpa, price,
subscribers) constitute the foundation of consumers' choice preferences and purchases, as already shown
by the correlation matrix through the positive relationship of those variables with the quantity of the product
sold (e.g., qpa (.028**p< .01); price (.205**p< .01); subscribers (.619; **p< .01)).
To confirm each learning variable's effect on consumers' choice preferences and purchases, we made
several simulations to measure the accuracy and misclassified samples. We found that the variables qpa,
price, and subscribers are the best variables in terms of prediction when they are considered alone to predict
consumers' choice preferences and purchases (Table 4). The prediction rates of these learning variables are
respectively 71%, 81%, and 83%. As the subscriber is an attribute related to the store (Table 2), IOCs utilize
it to reinforce their trust from the beginning of the transaction process to choose a given e-seller. Then they
use the level of price and the quantity of product availability (qpa) to assess product brand originality. That
is why, despite the relatively higher costs of the Xiaomi products, they got more sales compared to
competitors (Table 2). Xiaomi products fulfilled the three crucial international online shopping
requirements, namely the price and the quantity of product availability (qpa) (product originality) and a
high subscriber rate (Trust reinforcement). Therefore, one can conclude that international online consumers
prefer to buy in stores with a price relatively higher than lower price stores to ensure buying original product
brands.

5.3. Discussion, insights, and implications
With this study, we shed new light on the effect of learning variables by providing a theoretical
understanding of the influence of the buyers' ratings and the variables related to the transactional
components on purchases and choice preferences of Chinese mobile phone brands. Accordingly, the study
shows that ratings negatively influence consumers' choice preferences and purchases, unlike previous
studies (Zhao et al., 2013; Chevalier and Mayzlin, 2006). However, variables related to the transactional
components (e-retailers, product brands, and shipping conditions) are most relevant for international online
consumers' preferences and purchases of Chinese mobile phone brands. The study demonstrates that the
combination of the three learning variables (qpa, price, subscribers) guides most consumer choice
preferences and purchases. The variable of subscribers acts as an influencer of consumer choice of e-retailer
outlets through trust reinforcement. Then, given the perceived risk related to this kind of transaction, the
price, the quantity of product availability (qpa), and the number of products sold reinforce buyers' trust
concerning the product originality. The outcomes indicate that ratings rather than attract consumers to buy
at a given e-retailer outlet have repulsive effects on consumers. Consumers believe less in those ratings.
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Table.4. Classification of consumers' choices based on learning variables
Factors

store's factor

product factor

logistics factor
store's factor
product factor
logistics factor
store's factor +
product factor
store's factor,
price
store's factor +
logistics factor
product factor
product factor +
logistics factor
price + logistics
factor
Store's factor +
product factor
store's factor +
product factor +
logistics factor
store's factor +
price + logistics
factor
product factor
+logistics factor
+price
store's factor +
product factor +
price + logistics
factor
-

Variable

Accuracy
(%)

Misclassified
samples

Variable

Br0's
sample
(%)
82.92

reputation
age
subscriber
pmarket
psold
color
qpa
Price
pricing
schemes
Edt
-

60
59
83
60
57
59
71
81
56

5348
5511
2276
5331
5766
5475
3893
2609
5921

qpa
subscriber
price

-

-

59
76
81
59
85

5475
3236
2530
5475
2021

13.19

-

82

2438

qpa
reputation
subscriber
price
age
qpa
subscriber
price

-

74

3508

-

85
83

2006
2330

-

-

74

3487

-

82

-

Variables
Edt
reputation
Subscriber
price
qpa
subscriber
price

2.33

age

Br1's
sample
(%)
27.72

6.6

4.47

Variables
qpa
reputation
subscriber
price
Edt
reputation
subscriber
price

Br2's
sample
(%)
29.39

0.99

Variable
Edt
-

Br3's
sample
(%)
1737(70)
-

-

psold
price

0.026

price
-

14.92
-

-

age

14.29

-

-

-

-

-

-

-

-

psold
price

34.92

-

-

-

-

-

-

-

2385

-

-

-

-

-

-

83

2246

-

-

-

-

-

-

-

-

-

86

1943

Attribute

-

-

-

-

-

-

-

85

2069

qpa
subscriber
price

Br0,
Br1,
Br2,
Sample
(%)
55.09%

-

-

-

-

-

-

-

84

2188

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

subscriber
price

11.63
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suscrib er <= 37.5
entropy = 1.548
samples = 16237
value = [5305, 8399, 2041, 492]
class = 1

reputation <= 4.5
entropy = 1.367
samples = 9137
value = [1352, 6212, 1157, 416]
class = 1
qpa <= 2101.5
entropy = 1.829
samples = 4504
value = [1352, 1700, 1119, 333]
class = 1

entropy = 0.995
samples = 2301
value = [1249, 1052, 0, 0]
class = 0

entropy = 1.634
samples = 2203
value = [103, 648, 1119, 333]
class = 2
entropy = 0.104
samples = 4574
value = [0, 4512, 0, 62]
class = 1

age <= 3.5
entropy = 0.774
samples = 1234
value = [221, 997, 0, 16]
class = 1

entropy = 0.423
samples = 239
value = [221, 2, 0, 16]
class = 0

entropy = 0.939
samples = 59
value = [0, 0, 38, 21]
class = 2

True

price <= 131.5
entropy = 1.374
samples = 6870
value = [4167, 1467, 1222, 14]
class = 0

psold <= 10079.5
entropy = 0.002
samples = 5683
value = [0, 5682, 1, 0]
class = 1

qpa <= 1304.5
entropy = 1.438
samples = 7100
value = [3953, 2187, 884, 76]
class = 0

edtt <= 4.5
entropy = 0.198
samples = 4633
value = [0, 4512, 38, 83]
class = 1

Edt <= 6.5
entropy = 1.614
samples = 31292
value = [9472, 16275, 3808, 1737]
class = 1

price <= 84.0
entropy = 1.466
samples = 28790
value = [9472, 15548, 3264, 506]
class = 1

price <= 67.0
entropy = 1.347
samples = 21920
value = [5305, 14081, 2042, 492]
class = 1
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entropy = 0.0
samples = 568
value = [0, 0, 568, 0]
class = 2

entropy = 0.0
samples = 5682
value = [0, 5682, 0, 0]
class = 1

entropy = 0.0
samples = 1
value = [0, 0, 1, 0]
class = 2

qpa <= 10463.5
entropy = 1.361
samples = 5866
value = [3732, 1190, 884, 60]
class = 0

entropy = 0.0
samples = 995
value = [0, 995, 0, 0]
class = 1

entropy = 1.203
samples = 5176
value = [3693, 840, 583, 60]
class = 0

age <= 5.5
entropy = 0.985
samples = 1271
value = [0, 727, 544, 0]
class = 1

suscrib er <= 113.5
entropy = 0.997
samples = 5527
value = [4108, 1194, 211, 14]
class = 0

qpa <= 1479.5
entropy = 1.167
samples = 3775
value = [2425, 1163, 173, 14]
class = 0

entropy = 0.101
samples = 457
value = [6, 451, 0, 0]
class = 1

suscrib er <= 90.5
entropy = 1.274
samples = 775
value = [59, 273, 443, 0]
class = 2

qpa <= 7374.0
entropy = 0.279
samples = 1752
value = [1683, 31, 38, 0]
class = 0

entropy = 1.064
samples = 3318
value = [2419, 712, 173, 14]
class = 0

entropy = 0.0
samples = 443
value = [0, 0, 443, 0]
class = 2

entropy = 0.0
samples = 1346
value = [1346, 0, 0, 0]
class = 0

entropy = 0.0
samples = 544
value = [0, 0, 544, 0]
class = 2

entropy = 0.0
samples = 727
value = [0, 727, 0, 0]
class = 1

qpa <= 9050.0
entropy = 0.675
samples = 332
value = [59, 273, 0, 0]
class = 1

entropy = 0.826
samples = 406
value = [337, 31, 38, 0]
class = 0

entropy = 0.0
samples = 273
value = [0, 273, 0, 0]
class = 1

entropy = 0.0
samples = 59
value = [59, 0, 0, 0]
class = 0

entropy = 1.253
samples = 690
value = [39, 350, 301, 0]
class = 1

Fig.2. Decision tree
Zhao et al. (2013) show that ratings can increase customers' uncertainty when manipulated. Therefore, their
effects on purchase and choice become smaller (Zhao et al., 2013). Accordingly, unlike the study of
Chevalier and Mayzlin (2006), which has shown the impact of consumer ratings on choice in the case of
book sales, this study indicates that ratings negatively affect consumers' purchases and choice preferences.
However, almost all other learning variables related to the transactional components (e-retailers, product
brands, and shipping conditions) positively influence consumers' purchases and choices, especially the
quantity of product availability (qpa), price, and subscribers. Therefore, based on these results, we can infer
that these variables play a substantial role in consumer choice preferences and purchases and are more
important than ratings in choice preferences and purchases in the case of international online shopping. As
already established by Shah et al. (2015) and others, as well as Erdem et al. (2004), this study also confirms
respectively that the quantity of product availability (qpa) and the price has a substantial positive impact on
consumer purchases and choices. However, this study points out that a high product price level, rather than
being negative, positively affects purchases. Besides, one novelty that this study highlight is the effect of
subscribers on consumer purchases and choices.

6. Theoretical contribution
First, this study extends the literature on consumer learning by going beyond the learning variables
considered in previous studies. It will help the e-stores build a strong marketing strategy according to the
effects of those additional learning variables we introduced in the current study. Second, this study
highlighted respectively the repulsive and attractive impact of ratings and variables related to the transaction
components on consumer choice and purchase. Thirdly, with big data, one observes a rise of machine
learning techniques in the studies of consumer behaviours in the marketing field (Chintagunta et al., 2016).
However, a fundamental critique is the non-existence of theory in machine learning algorithms (Misra et
al., 2019). Using a machine learning model (decision tree), we bring a new approach which associates
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consumers' behaviour and machine learning to respond to that criticism. Finally, such a theoretical
foundation has not yet been developed in consumer learning studies.

Conclusion and limitation
The reinforcement of the consumers' trust constitutes the critical driver of the process of international online
consumers' choice and purchases. In line with that, the subscriber attribute is the most crucial element
guiding global online consumers in the reinforcement process. Simultaneously, price, the quantity of
product availability (qpa), and product sold numbers contribute to assessing the product brand originality.
Consequently, e-retailers should consider these variables in elaborating their marketing strategy.
To some degree, this study has certain limitations despite the theoretical and practical contribution that it
brings to the online shopping literature. The first limitation of this study concerns the nature of the data.
The data is secondary, collected from only one Chinese international online selling platform. Accordingly,
further research could be carried out by gathering data from other or several global selling platforms in
China or utilizing primary data to investigate. Likewise, future work could incorporate the ratings and other
variables related to buyers' experiences, such as reviews, to get a clearer picture of international online
consumers' buying strategies. Secondly, researchers could conduct a similar study from other advanced
countries in terms of international online selling to verify this study's outcome.
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