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Abstract. In the context of increasingly fierce global cross-border e-commerce
competition, the industry is facing core challenges such as homogenization com-
petition, logistics bottleneck and diversification of consumer demand. In order to
break through the dilemma, this study takes JOYSTAR, a children's bicycle brand
in China, as an example, and proposes a data-driven intelligent analysis frame-
work. Firstly, the framework integrates and processes the global operational data
from multiple platforms, and then constructs a customer life cycle value predic-
tion model to quantitatively evaluate the user value and accurately identify the
middle-value user group as the core basic disk. At the same time, this study uses
natural language processing technology to conduct emotional analysis and theme
mining on large-scale user comments, and automatically extracts key features
about product quality and service experience. The analysis results show that
JOYSTAR has advantages in data insight and core products, but its calculation
model also reveals obvious shortcomings in product experience, high-end market
competitiveness and supply chain resilience. Finally, this study demonstrates the
joint analysis method based on CLV modeling and NLP, which provides a repro-
ducible technical path for cross-border e-commerce enterprises to realize accu-
rate operation and strategic decision.

Keywords: Al, Machine Learning, Cross-border E-commerce, Precision Mar-
keting

1 Introduction

The global children's bicycle market has seen steady growth in recent years. The market
size reached $64.2 billion in 2022 and is projected to reach $93.8 billion by 2030, rep-
resenting a compound annual growth rate of 48%. This is primarily attributed to con-
sumers' increasing emphasis on children's health and outdoor activities, as well as the
growing demand for high-quality children's bicycles. Rising living standards have led
parents to pay more attention to their children's health, while urbanization and the
growth of the middle class have enabled more families to afford high-quality children's
bicycles. The Chinese market holds a significant position in the global children's bicy-
cle market. According to relevant data, China's children's bicycle exports reached $370
million in 2023, a yearon-year increase of 21.0%, demonstrating the competitiveness
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of Chinese children's bicycles in the global market. Furthermore, the size of the Chinese
children's bicycle market continues to expand, and it is projected to exceed 100 billion
yuan by 2025.

Meanwhile, Chinese children's bicycle brands also face severe challenges. First,
market competition is fierce, with numerous brands. In the international market, well-
known brands such as Goodbaby, RoyalBaby, and Decathlon occupy a significant mar-
ket position due to their strong influence, high-quality products, and comprehensive
after-sales service. Second, the complexity and cost of logistics and distribution. Inter-
national logistics involves multiple stages, including transportation, customs clearance,
and warehousing, each of which can affect product delivery time and cost. Cross-border
e-commerce logistics costs account for over 30% of total costs. Third, high entry stand-
ards in foreign markets. Different countries have different safety standards and certifi-
cation requirements for children's bicycles, posing additional challenges to companies.
The European market requires children's bicycles to comply with EN 71 standards,
while the US market requires compliance with ASTM F963 standards. With the com-
plexity and stringency of these standards, companies need to invest more resources in
product design, testing, and certification to ensure that products meet the regulatory
requirements of the target market.

JOYSTAR, a children's bicycle brand under Hangzhou Jiuqi Group in China, fo-
cuses on providing high-quality, safe, and reliable bicycles for children aged 3-12, and
enjoys widespread popularity in both domestic and international markets. Among the
top 50 best-selling children's bicycles on Amazon, 12 are from JOYSTAR, demonstrat-
ing its strong international competitiveness. JOYSTAR not only has a presence on e-
commerce platforms like Amazon, but has also established its own independent web-
site, joystarbike, and actively expands its sales channels on platforms such as eBay,
AliExpress, Shopee, Alibaba International Station, and Lazada. Therefore, this study
selects JOYSTAR as a specific case study, aiming to provide suggestions and support
for the overall development of the industry, also to offer experience and lessons for the
development of other bicycle brands.

2 Related Work

2.1 Data Acquisition and Preprocessing

A multi-source data governance system was constructed to realize data assetization
through a full-process technical solution. First, an automated data collection system
was built based on the Python technology stack. The Requests library and Beautiful-
Soup component were used to crawl product data from e-commerce platforms such as
Amazon. The Octoparse tool was used to achieve dynamic page visualization crawling,
and the Seller Wizard API was connected to obtain market structured data"’. Then, a
cross-platform data integration framework was established to integrate e-commerce
transaction records from Amazon and Shopee, independent website traffic logs, and
social media interaction data from TikTok and YouTube to form a comprehensive anal-
ysis matrix.
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To address data quality issues, a tiered governance approach was implemented. A
deduplication function was used to eliminate explicit duplicate records, and a fuzzy
matching algorithm was combined to detect semantic duplicates'?]. Moving average im-
putation was performed on missing numerical values, and ridge regression models were
used to predict and impute categorical variables. Outliers were identified through Z-
score standardization. Finally, multi-currency sales data underwent min-max normali-
zation to eliminate dimensional differences and construct a standardized dataset,
providing a high-quality data foundation for subsequent analysis®.

2.2 User and Product Analysis Method

By constructing a dual-dimensional analysis system for user value and product strategy,
at the user value assessment level, a hierarchical labeling system is established based
on the RFM model, integrating three elements: recent purchase time, purchase fre-
quency, and purchase amount. This accurately classifies high-, medium-, and low-value
users, as well as churned user groups. Simultaneously, the CLV (Customer Lifetime
Value) model is used to quantify the full lifecycle value of users. Differentiated opera-
tional strategies are formulated through historical consumption data and future behavior
predictions. At the product strategy optimization level, the Kano model is used to iden-
tify essential, expected, and exciting demand characteristics of products, clarifying the
priority of feature development. At the same time, price elasticity analysis is used to
divide low, medium, and high price ranges, assessing the demand sensitivity and market
competitive positioning of each price range!. This provides quantitative decision sup-
port for product iteration and dynamic pricing, achieving the synergistic advancement
of user value management and product competitiveness optimization.

2.3  Text and Sentiment Analysis

A multi-dimensional text analysis framework drives operational strategy optimization.
It utilizes Natural Language Processing (NLP) to analyze user review sentiment and
combines machine learning models to identify key factors influencing shopping cart
abandonment, accurately pinpointing user experience pain points such as logistics effi-
ciency and payment processes. Based on text keyword weight calculations, it extracts
core competitor features to guide differentiated adjustments to product content strate-
giesP. Simultaneously, a four-quadrant matrix is used to strategically classify product
lines, categorizing high-growth potential products and mature products based on market
performance, thus forming a resource priority allocation plan to optimize the product
portfolio structure.
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3 User Behavior and Value Mining

3.1 User Profile Construction

Literature Review. Regarding geographical distribution, this study collected order re-
view data from six countries in the North American and European markets: Spain,
France, Germany, Canada, the United States, and the United Kingdom. As shown in
Table 1., there are significant differences in customer profiles for children's bicycles
between the North American and European markets.

Table 1. JOYSTAR’s Sales Price, Popularity, and Sales Ranking in Various Countries.

Popularity Popularity Popularity

Nation Avera(gglljllgi)t price Or(\i]t:)rlsre;féew R.an.king Ran.king Ranking
(Minimum) (maximum) (average)
Spain 154.67 3952 623 383350 81228
France 146.56 2665 872 76970 22194
Germany 52.66 5864 1634 4002538 701924
Canada 85.6 5317 3326 593773 121215
USA 79.45 15362 1260 1754061 262050
UK. 81.67 7729 1368 3550432 1041403

Consumers in the Americas prioritize practicality and value for money, preferring
products that are feature-rich and reasonably priced. They exhibit high brand loyalty,
with established brands gaining greater recognition. Europeans, on the other hand, em-
phasize quality and design, favoring high-end, environmentally friendly products. They
have a strong focus on environmental protection and sustainable development, and they
are willing to pay a premium for eco-friendly products. This likely explains the signif-
icant difference in average purchase price and sales volume for JOYSTAR between the
two markets.

Behavioral Characteristics: Purchase Frequency/Cross-Category Preference.This
section of the study uses the RFM model to specifically analyze consumer purchasing
behavior!®,

Recency (R): The number of days since the user's last purchase. The more recent the
purchase, the higher the score.

Frequency (F): The number of times the user made purchases within a given period.
The higher the purchase frequency, the higher the score.

Monetary (M): The total amount spent by the user within a given period. The higher
the spending amount, the higher the score.

Taking the "JOYSTA Daisy Children's Bicycle" as an example, user reviews show
a moderate R-value, typically around 5 days; a moderate F-value, generally 5-8
items/month; and a relatively high M-value, usually around $300/month. Based on
RFM, it's speculated that JOYSTAR buyers are primarily moderately active users, and
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promotional activities and coupons can be used to increase purchase frequency and
amount.

3.2  Customer Value Segmentation

Customer Lifetime Value (CLV) is an important indicator for measuring the long-term
value of customers to a business. By analyzing customers' historical spending data and
predicting future behavior, businesses can more accurately segment customers and thus
develop differentiated marketing strategies”). By establishing corresponding stratifica-
tion criteria, this study categorizes customers into three classes based on their CLV
value and provides different implementation measures for users with different values.

Table 2. Classification of Customer Value and Implementation Measures.

User Categories CLV value Implementation measures

Push exclusive benefits, such as member day dis-
CLV>$1000 counts and priority access to new products, to further
enhance customer satisfaction and loyalty.
Activate users and increase their purchase frequency
Mid-value users (45%) $1000>CLV>$500 and average order value by using coupons and cross-
category recommendations.
By using survival analysis models to identify users at

High-value users (top
5%)

Low-value users/users at $500>CLV high risk of churn, timely remedial measures can be
risk of churn (50%) - taken, such as targeted push notifications to reacti-
vate users.

As shown in Table 2., Python is used to implement a simplified CLV calculation and
layering algorithm based on the traditional RFM model. Firstly, the customer value is
obtained by directly multiplying the four business indicators by the multiplication
model.

CLV = average order amount x purchase frequency x customer life cycle x gross profit
margin

Then, according to the CLV value, customers are evenly divided into three levels by
quantile segmentation method (pd.qcut): low-value customers (the lowest 30% of
CLV), medium-value customers (the middle 40%) and high-value customers (the high-
est 30%). Finally, a structured table containing original data, CLV calculation results
and customer level labels is generated.

3.3  After-Sales Evaluation NLP Sentiment Analysis

This study constructs a cross-platform data integration framework by integrating the
transaction records of Amazon, Shopee and other e-commerce platforms, as well as the
traffic logs of independent stations and social media interaction data. An automatic col-
lection system is built through Python technology stack, and dynamic page data is cap-
tured by using Requests library and BeautifulSoup component, and the seller's wizard
API is synchronized to obtain market structured data. Aiming at the problem of data
quality, hierarchical governance is implemented, and the explicit duplicate records are
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eliminated by de-duplication function, and semantic duplication is detected by fuzzy
matching algorithm. The numerical missing values are filled by moving average, the
classified variables are predicted by ridge regression model, and the abnormal values
are identified by Z-score standardization; Finally, the multi-currency sales data is nor-
malized by min-max to eliminate dimensional differences and build a standardized data
set.

During the data processing, the XGBoost model was introduced. It was discovered
that JOYSTAR has accumulated a massive number of after-sales reviews on platforms
such as Amazon, with over 16,259 reviews for its Best Seller products alone. To extract
valuable user sentiment insights from this vast amount of text, this study employed an
NLP (Natural Language Processing) sentiment analysis model. Its core objective is to
analyze text content to determine the author's subjective attitude or emotion, focusing
on the products with the highest number of reviews on the Amazon platform, and ana-
lyzing them from four progressive!®!. The analysis results are shown in Figure 1.
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Fig. 1. "Best Seller" rating of Joy Star

Sentiment Polarity Classification. Customer reviews show a significant positive bias.
Positive reviews (4 stars + 5 stars) account for 84%, forming the core of user satisfac-
tion. Neutral reviews (3 stars) account for 5%, representing a potential middle-income
group. Negative reviews (1 star + 2 stars) account for 11%, a small percentage but
requiring close attention. These negative reviews highlight key pain points in the user
experience, providing precise directions for optimization.

Fine-Grained Sentiment Analysis. This analytical model refers to a more detailed
classification of emotions, suitable for scenarios requiring quantification of emotional
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intensity. Based on this model, the highly satisfied group is the cornerstone of the brand,
accounting for 71%. The most important groups to focus on are the very dissatisfied
group (9%) and the group with room for improvement (18%), whose feedback is the
core direction for optimization.

Aspect-Based Sentiment Analysis. This method requires analyzing specific entities or
aspects mentioned in the text, that is, identifying multiple nouns mentioned in the text
(such as "Brake," "Wheel," and "guarantee"), and analyzing the sentiment of each as-
pect separately. Through text mining, specific product attributes (aspects) mentioned in
the reviews are identified, along with their sentiment tendencies, and high-frequency
keywords are extracted.

This study extracted 10 keywords from hundreds of reviews, categorized them into
positive and negative feedback, and then conducted a comprehensive analysis. The con-
clusion is that users positively evaluated the product's design, cost-effectiveness, and
some features (such as the adjustable seat and training wheel design). However, safety-
related issues (brakes, wheel and training wheel stability) and product quality problems
(tires, assembly, and other components) were the focal points of negative sentiment,
posing significant risks. Defects in the after-sales service process significantly exacer-
bated user dissatisfaction.

Emotion Classification (Emotion Detection). Emotion classification is the most com-
plex of the four sentiment analysis models, requiring the identification of specific emo-
tion types expressed in text (such as happiness, anger, sadness, fear, surprise, etc.), ra-
ther than simple positive or negative tendencies. This study collected product reviews
from JOYSTAR, categorized them according to positive and negative emotions, and
extracted keywords. The results show that the positive emotion is mainly "satisfaction,"
while negative emotions are diverse. Positive feedback is relatively concentrated on
service processes and product experience; while negative emotions are deeply associ-
ated with core product functional defects and poor service experiences, exhibiting high
intensity and variety, posing a serious threat to brand reputation and user retention.

4 Construction of Seasonal Replenishment Model

Based on the sales data of JOYSTAR brand cycling products, this study systematically
studies the seasonal characteristics of product sales by using time series analysis
method, and puts forward the corresponding seasonal replenishment model sugges-
tions. Through the analysis of monthly sales data from 2021 to 2023, the seasonal law
of JOYSTAR product sales is revealed, and a replenishment model suitable for different
sales cycles is constructed.

Based on the product sales data of JOYSTAR from 2023 to 2024 (January 2023 to
December 2024), python code is processed and analyzed by time series analysis soft-
ware and. Through the fitting technology of python software, the fitting curve of sales
situation can be obtained as shown in Figure 2.
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Buybox Price Trend Over Time (2023-2024)
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Fig. 2. Fitting diagram of Joy Star brand sales.

According to the above fitting diagram, it is found that August-November is the peak
season for cycling products every year, with October-November (autumn) being the
most prominent. Based on this seasonal sales rule, JOYSTAR brand can adopt the strat-
egy of increasing the inventory of autumn products in advance. Specifically, in July
each year, a reasonable replenishment plan should be made according to the past sales
data and market forecast, and the inventory level should be appropriately improved. At
the same time, during the peak sales season, pay close attention to the market dynamics
and sales data, and adjust the replenishment strategy in real time to ensure that the in-
ventory can meet the market demand and will not cause excessive product backlog. By
using time series analysis to formulate seasonal replenishment model, JOYSTAR can
better grasp the market rhythm, optimize inventory management and improve opera-
tional efficiency.

5 Conclusions

In this study, JOYSTAR, a cross-border children's bicycle brand in China, was taken
as an example, and a data-driven analysis framework integrating CLV prediction and
natural language processing was constructed, realizing the transformation from empir-
ical decision-making to Al model-driven operation mode. In methodology, the dynamic
CLV prediction model breaks through the static limitations of the traditional RFM
model, and NLP analysis accurately reveals the negative evaluation distribution of core
dimensions such as product safety and quality. On the empirical application level, CLV
stratification results show that enterprise resources should focus on medium-value users
who account for a relatively high proportion to achieve precise marketing, rather than
blindly pursuing user growth, while the seasonal replenishment model based on time
series provides data support for inventory optimization. This study not only provides a
specific optimization path for JOYSTAR, but also demonstrates how the Al technology
framework can systematically improve the capabilities of cross-border e-commerce in
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user value management, product experience optimization and supply chain decision-
making, and provides a reproducible technical solution for building a sustainable ad-
vantage in international competition.
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