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Abstract: Based on increasing user demands, domestic e-commerce transactions are encouraged across international borders.
A product/service demand forecast is necessary to improve the transaction rate for stagnancy-less returns. Though different
methods have been employed to forecast user demands, this article introduces a different proposal using fuzzy C-means clustering.
It is named as Iterative C-means Clustering Method (ICCM), in which the returns based on transaction and goods stagnancy
are separated. The clustering process is iterated throughout the transactions to differentiate the above and identify the actual
demand across borders. Using this differentiation, the demand that defaces the returns is classified through minimum degree of
stagnancy. Such identified process retards the cross-border transaction for false user demand forecasts, ensuring the goodwill
of the products/services. The fuzzy-based derivative groups are disintegrated post the transaction completeness to improve the
prediction efficacy.

Keywords: Cross border, e-commerce, fuzzy c-means, stagnancy degree.

Received October 12, 2024, accepted June 30, 2025
https://doi.org/10.34028/iajit/22/5/5

1. Introduction

Market demand forecasting in cross-border e-commerce
is vital for managing operations, optimizing inventory,
and maximizing revenue. Accurate demand prediction
relies on data-driven insights derived from financial
transactions, logistics, and consumer behavior patterns
[24]. By using historical transaction data and predictive
models, businesses can proactively anticipate demand
fluctuations, allowing for strategic adjustments in supply
chain management and marketing initiatives [4].
Advanced machine learning techniques, such as Fuzzy
C-Means (FCM) clustering, play a crucial role in
dynamic segmentation of consumer purchasing behavior.
The diversified research on e-commerce logistics, fraud
detection, and consumer behavior provides insights for
refining the predictive models. Cloud storage technology,
a robust predictive dashboard backbone with high
accuracy and timeliness in demand forecasts, enhances
these features [34]. Besides, studying consumer
switching intentions and promotional strategies helps in
fine-tuning predictive models. Regulations such as the
General Data Protection Regulation (GDPR) must also
be considered while conducting big data analytics in e-
commerce [35]. Using emotional correlation analysis
and the user keyword-driven correlation graph search
helps  discover user groups and improve
recommendation systems [2].
Identifying false market demands in cross-border e-

commerce using return data is important for businesses
to maintain credibility and profitability [1]. Analyzing
return data through clustering-based anomaly detection
techniques, including FCM, aids in distinguishing
genuine demand from manipulative purchasing activities
[21]. The analysis is crucial to maintaining market
integrity and customer trust. Mitigating false demand
involves re-engineering product offerings, improving
quality control measures, and raising the bar on fraud
detection [25]. Partnering with logistics partners and
sophisticated artificial intelligence-driven systems is
central to detection efforts [19]. Demographic research
of customer behavior facilitates forecasting market
manipulation and preparing response strategies. Through
proactive measures and technological innovation,
businesses can strengthen their global e-commerce
position, assuring sustainable growth and customer
satisfaction. Continuous strategy review and adaptation
to emerging trends are indispensable in a dynamic, cross-
border e-commerce landscape [27, 28].

Return validation optimization techniques are
indispensable for meaningful business intelligence and a
profitable cross-border e-commerce business [36]. Data
analytics and machine learning help identify the patterns
of fake market demand. Real-time monitoring of the
market dynamics enables timely adjustments to the
validation criteria of the returns [8]. The validation
processes are aligned with promotion, enhancing
accuracy in assessing market demands. Robust data
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governance practices heighten the reliability of the
validation outcomes [13]. These optimization techniques
reduce financial losses and improve customer
satisfaction. Integrating market demand insights speeds
adaptation to consumer preferences. Logistics
partnership collaboration strengthens the validation
strategies [9]. Continuous refinement of technigques
makes the validation processes efficient. The use of
technological advancements empowers businesses to
remain competitive. Strategic alignment of validation
with market demands fosters resilience in operations.
Optimization based on market demand fosters long-term
sustainability in e-commerce [26, 37].
The main objective points are:

e To introduce the Iterative C-means Clustering
Method (ICCM) for forecasting user demand in cross-
border e-commerce using fuzzy C-means clustering
to distinguish between returns based on transactions
and goods stagnancy.

e To identify and reduce false user demands in cross-
border e-commerce transactions by iterative
clustering and analyzing transaction and stagnancy
data to improve demand forecasts.

e To evaluate the performance of the ICCM method in
predicting demand and detecting stagnancy across
four product categories: electronics, consumables,
decors, and clothing.

The ICCM for cross-border e-commerce demand
forecasting is introduced in this paper. Subsequently, it
isolates transaction and product stagnancy returns to
reduce misleading demand. The study incorporates
goods stagnancy analysis into demand forecasting to
fully understand demand patterns. Prediction accuracy is
improved by fuzzy derivative grouping and
deconstructed post-transaction. The approach is tested
across four product categories to show adaptability and
reveal cross-border e-commerce demand forecasting
disparities.

Table 1. Contribution summary.

Aspect Method/Approach Status

Source/Reference

Contribution

Methodology ICCM Implemented

Section 3.2 of this study

Introduces ICCM to enhance user demand prediction accuracy in
cross-border e-commerce.

Clustering |Fuzzy-based clustering | Implemented

Section 3.2 of this study

Uses fuzzy logic to improve adaptability in demand segmentation and
reduce uncertainty.

Data analyses | External data sources | Performed

Product demand forecasting | Uses real-world datasets to validate the proposed clustering method
e-commerce sales forecast

for demand forecasting.

5 Metrics with 4

. Performed
influences

Discussion

Section 5 of this study

Evaluates demand prediction effectiveness using five key performance
metrics and four influencing factors.

The contributions are summarized in Table 1 obve.

2. Related Works

Yang et al. [33] studied Alibaba.com seller satisfaction,

a popular online business platform for cross-border trade.

The method aims to determine the factors influencing
enterprise sellers' satisfaction with Alibaba.com. The
data was collected from 184 respondents of enterprise
sellers and analyzed using Smart Partial Least Squares
(PLS) to determine these factors. This method gives an
insight into how to enhance customer satisfaction among
the sellers at Alibaba.com. Xu et al. [32] proposed a
study on how social commerce affects consumer
engagement. The method aims to understand how Cross-
Border E-Commerce (CBEC) consumers address
challenges using social platforms. Structural Equation
Modeling (SEM) and Artificial Neural Network (ANN)
determine if  motivation, opportunity, ability,
involvement, and purchase intention are related online.
The method provides insights into CBEC consumers'
adoption of social platforms indicating e-commerce and
consumer behavior trends.

Luo et al. [17] introduced a method for understanding
the reputation trap in Chinese e-commerce. The
technique aims to understand how this trap works and
how companies use product strategies to reduce its
impact. The method may employ statistical analysis such
as regression to see if there is any relationship between

online reputation, firm survival, and product strategies
like pricing or variety. The approach provided
supportive, solid evidence for the proposed relationships.
Dai et al. [5] developed a way to forecast e-commerce
demand. The method aims to extract useful prediction
factors from large amounts of data, capturing diverse
influences on demand. The algorithm seeks to identify
key features from a large set, avoiding the problem of
overfitting. The method accurately forecasts e-
commerce demand using extensive data validated with a
dataset from China’s top e-commerce platform.

Wang et al. [30] created a way to connect customer
needs and product design. The goal is to translate
customer needs into specific design details more easily,
improving design efficiency. Using a Convolutional
Neural Network (CNN), the method maps customers’
natural language expressions of their needs to specific
product specifications. The technique improves
teamwork in product design by aligning customer
preferences with practical design details. Gao et al. [7]
developed a technique to suggest items for social
e-commerce. The method combines user-item
interaction data from e-commerce apps with social
relation data from social media. Their CROSS
framework integrated both kinds of data to enhance
re-commendation accuracy. The framework stressed the
significance of combining user-item interactions and
social relations for e-effective recommendations in
social e-commerce.
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Ma et al. [18] proposed the Social Graph Neural
Network-based interactive Recommendation (SGNR)
scheme framework to refine e-commerce- experience-s.
The method improved recommendation accuracy and
addressed the- user cold-start issue by leveraging social
connections among  users. SGNR  modeled
recommendation as a multi-step decision-making
process, actively incorporating user feedback to
maximize long-term user benefit. The method boosted e-
commerce suggestions, solving accuracy and user cold-
start problems. Xu et al. [31] introduced a framework for
predicting income in stay streaming e-trade. The
framework addresses the mission of insufficient sales

prediction, which causes stock problems and income loss.

The framework integrates awesome capabilities unique
to live-streaming e-commerce, including anchor
recognition's effect on product income. The proposed
framework gives sensible blessings, assisting merchants
in accurate sales prediction and effective advertising
techniques.

Chang et al. [3] proposed an approach for e-
commerce marketplace achievement. The approach
analyzes the equilibrium of premier mixture techniques,
together with channel sales modes and guarantee
financing schemes. The method explores how these
strategies help absolutely everyone in e-trade, mainly
online, along with small enterprise providers, logistics
partners, and banks. The approach offers theoretical help
for modern monetary practices within the e-commerce
enterprise. Liu et al. [15] advanced a method for
dynamic e-trade recommendations. The technigue aims
to appropriately represent a person’s pursuits over the
years, enhancing advice performance. Their Interest
Evolution-driven Gated Neighborhood (IEGN) model
uses graph neural networks to seize relational statistics
in consumer-item interplay graphs. The method
emphasizes relational information and temporal
dynamics, main to superior advice performance and user
delight.

Kim et al. [14] created a method for an e-trade
platform's delivery service. The method pursues to
optimize profit allocation from usage and shipping costs,
thinking about a monopolistic e-commerce marketplace
and sided marketplace principle. The method entails
formulating equations for sellers’ and buyers’ demand,
thinking about move institution externalities. The
method assists e-commerce systems in laying out
effective  pricing  techniques  for  advanced
competitiveness and sustainable increase. Liu et al. [16]
introduced a Time-Preference Gate Network (TPGN) for
spotting e-trade buy intentions. TPGN enhances
prediction accuracy by considering users’ category
alternatives and long-term pastimes. The TPGN model
complements the Long Short Term Memory (LSTM)
architecture by integrating preference gates and two-
time c programming language gates. TPGN
demonstrates progressed accuracy in shooting the
complexities of consumer conduct in e-trade settings.

Shen [23] proposed an algorithm for recommending
clients primarily based on social relationships. The
algorithm aims to decorate guideline accuracy by
leveraging social dynamics and refining subject matter
function extraction. The progressed K-way rules reduce
clustering feature fluctuations, leading to more
advantageous recommendation accuracy. The algorithm
demonstrates consistent performance, achieving average
accuracy from 78.9% to 95.9%. Sales et al. [22]
proposed multimodal deep neural networks for
enhancing e-commerce catalogs. The aim is to
robotically structure, update, and overview catalogs by
deriving standardized descriptions from unstructured
statistics like textual content and images. The approach
includes gear to pick out insufficiently descriptive
visible and textual statistics for manual development.
The approach enhances the seek engine’s overall
performance and digital shop database employer.

Dhote et al. [6] analyzed the world of e-commerce
based on the users' customizable shopping experience to
avoid high congestion in the network. To resolve this, an
Adaboost-based deep learning approach and hybrid
geometric sampling were applied to managing the
classification task of imbalance data prediction among
user requirements. Churn rate prediction applies highly
diverse solutions using accuracy, precision, specificity,
and sensitivity to meet non-churn users' demands in e-
commerce links. The result demonstrated reduced data
imbalance and user demand prediction in e-commerce
links. Pethuraj et al. [20] introduced a contingent
resource allocation process for data optimization to
improve the quality of service in e-commerce
applications. This research applied federated learning to
identify stagnancies across multiple demands from user
devices and access the requested demand density. The
data analysis from existing backlogs accounted for delay
prevention, maximized the Quality of Service (QoS),
and validated the application response from the user.

An anomaly detection approach based on correlation
analysis and K-means clustering was presented by Wang
et al. [29] for seasonal time-series data. The method uses
intra-seasonal correlations and temporal patterns to find
anomalous trends. On increasing sensitivity, it
dynamically modifies detection thresholds according to
correlation coefficients. K-means clustering integration
improves anomaly segmentation in seasonal patterns that
fluctuate. The suggested technique achieves results
ranging from 85.3% to 94.6%, indicating high anomaly
identification accuracy. In datasets with sparse time
intervals or poor seasonal structure, the model’s
performance deteriorates, making correlation-based
detection ineffective.

A multi-task learning system for intelligent push in e-
commerce tailored advertising was presented by Hou et
al. [10]. By combining the modeling of ad click-through
rate estimation with user preference prediction, the
system seeks to maximize user engagement. The
approach decreases data sparsity problems and increases
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learning efficiency by sharing representations across
tasks. The suggested methodology exhibits engagement
uplifts ranging from 7.8% to 15.2% over single-task
baselines, dynamically adapting to user behaviors over
several sessions. Cold-start users with little past
interaction data are difficult for the model to handle,
which reduces the effectiveness of personalization in
early sessions.

3. Methods
3.1. Data Collection

The proposed method assimilates two data sources
presented in Table 1 for sales forecast and product
demand. The first data source is generic about product
description with its quantity, stock, sales, value, etc., the
second dataset forecasts its demand and returns based on
value. This demand factor identifies stagnancies and

extracts the precise product/ service demands throughout.

Using these data sources, the proposed method is
constructed as shown in Figure 1.

In this illustration, the products and their services
(how to use, warranty, support, etc.,) are extracted from
the first data source. The actual demand and demand
based on returns are extracted from the data sources 2,
for which a fuzzy process is applied. This process is
validated for different clustering and de-clustering

processes such that actual demand is extracted (Figure 1).
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Figure 1. Proposed method using data sources.

3.2. Iterative C-Means Clustering Method for
User Demand Prediction

ICCM method is designed to improve the prediction
efficacy of user demands based on cross-border e-
commerce products/ services inputs. In this analysis, the
inputs are obtained from the domestic e-commerce i.e.
the cross-border transactions observed in different time
intervals. This proposed method aims to reduce the false
user demands in analyzing cross-border transactions.
The challenging task is forming the clustering method
through fuzzy derivatives-the two pairs such as returns,
transactions, and returns, stagnancy observed from
current cross-border transactions. From this instance, the
current cross-border transactions are compared with the
previous cross-border transactions to ensure accurate
user demand prediction. The previous cross-border

transactions observed instances are stored as records for
future analysis.

The user demands on products/services are forecasted
through fuzzy C-means clustering. Different methods
are used to forecast the user demands for reliable
transactions. In this observation, the returns based on
transactions and goods stagnancy are differentiated
using ICCM to identify the user’s actual product/service
demands. The clustering process is recurrently processed
until the transactions in classified the returns with
minimum stagnancy that is similar for time and day. The
cluster formation using fuzzy derivatives reduces the risk
of false user demands. The errors are observed as an
instance of misdetection of activity or recognition. First
method precision marketing of cross borders, Let a(t)
and b(t) denote the sequence of product/service demands
and distributions observed from the initial cross border
e-commerce scenario such that the forecast on
product/service demand FD(t) is given as;

FD(t) = a(t) + b(t) — fud (D)
Such that,

arg mtianud(t)Va(t) + b(t) )

In the above Equations (1) and (2), the variable fud is the
false user demand and the objective of reducing the false
user demand for all a(t)+b(t)eFD(t) is defined as
identifying the reliable forecasted demand. The return
rtns is performed based on two segments (i.e.,)
transaction (Ts) and goods stagnancy (Gs). The actual
return conditions in rtns=Ts+Gs such that the goods’
stagnancy is detected between the transactions, the
variable N represents the number of forecasted demands
on products/services in the initial instance. Therefore,
the condition Gs=(Nxrtns)-Ts is used for addressing
current cross-border e-commerce demand that is to be
differentiated from the instance to ensure good returns
for the e-commerce companies. Therefore, the forecast
on different products/services demands analysis is a key
factor in improving the transaction rate with stagnancy-
less returns.

3.2.1. FCM Clustering Method

The Fuzzy C-Means (FCM) Clustering Method is a soft
clustering technique that assigns data points to multiple
clusters, reducing the need for hard classification,
especially in demand forecasting where customer
purchasing patterns overlap.

The FCM algorithm follows these key steps:

o |Initialize cluster centers: randomly initialize cluster
centroids for C clusters in the feature space.

e Calculate membership values: assign a membership
value uj; to each data point x; for cluster j, based on its
distance from the centroid, using Equation (3):

1
U= 3)

dy\oT
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In Equation (3), m is the fuzzification parameter
controlling the level of cluster overlap, and djj is the
Euclidean distance between x;i and the cluster centroid j.

o Update cluster centers: compute new cluster centroids

based on membership values Equation (4):
P uf}‘xi
R (4)

e Repeat until convergence: iterate steps 2 and 3 until
the change in cluster centers falls below a defined
threshold €.

o Benefits and drawbacks: allowing partial
memberships helps manage overlapping clusters.
Membership values provide additional data structure
information. Often more resilient to outliers than rigid
grouping. The significant impact of first cluster center
selection on results: The algorithm may converge to
local optima. The appropriate number of clusters is
difficult to determine.

3.2.2. Integration and Implementation

e Implementation: python’s scikit-fuzzy, MATLAB’s
Fuzzy Logic Toolbox, and R's €1071 can implement
FCM.

o Contextual Integration: the FCM method was likely
adapted and merged into the proposed ICCM in your
work to analyze cross-border e-commerce
transactions and user needs.

The Integration and Implementation of the FCM
clustering method in precision marketing involves:

e Preprocessing data: cleans and standardizes raw
transactional data from e-commerce platforms.
Extracts relevant features like purchase frequency,
transaction amount, and browsing history.

o Applying FCM for user segmentation: feeds extracted
features into the FCM clustering algorithm.
Determines optimal number of clusters using
techniques like Xie-Beni index or Silhouette Score.
Assigns user membership to multiple clusters for
probabilistic interpretation of user behavior.

e Model optimization and parameter tuning: fine-tunes
fuzzification parameter to control hard and soft
clustering. Sets convergence criteria and maximum
iteration limits for computational efficiency.

e Integration with precision marketing system:
integrates curated user profiles with recommendation
systems for personalized marketing strategies.
Informs inventory management systems. Establishes
a feedback loop for dynamic cluster refinement.

4. Data Analysis

The study uses two main data sources to analyze user
demand in cross-border e-commerce transactions. The
first source is product descriptions and associated details
[12], which includes generic information on product

descriptions such as quantity, stock levels, sales figures,
value, usage instructions, warranty details, and support
services. The second source is product demand and
returns forecasting [11], which forecasts product
demand and analyzes returns based on value, providing
insights into market trends, customer satisfaction, and
product performance. The study combines these two
datasets to comprehensively analyze product
descriptions, associated services, and actual demand data
for a more holistic view of product demand. Researchers
applied fuzzy processes and various clustering
techniques using the ICCM to differentiate between
genuine user demand and misleading data, enhancing the
accuracy of demand forecasts and providing valuable
insights for cross-border e-commerce

4.1. Data Analysis-1
e Demand and Forecast

The short data analysis-l is used for statistical
assessment of demand forecast, and the (Ts, Gs) under
argmtin. And argmax;VFD(t). This is statistically

represented in Table 2.

The data tabulation presented above is classified
based on argminVFD(t). This demand detection is
varied between 10% and 40% under the a(t)+b(t). In this
process, the forecast is carried out based on Gs=(Nxrtns).
The returns are finalized for different (Ts:Gs) under high
differences. As the difference is high, then Ts>Gs and for
lesser difference, Ts<<Gs. The stable demand forecast is
observed between successive transactions to ensure a
low difference is observed to identify. Ts=G; (Table 2).

Table 2. Demand, forecast (Ts,Gs).

Condition| Demand Forecast | Difference Ts:Gs
FD()=10% | 0.74 +13.2 | (0.41:0.31)

argmin FD(t) =20% 0.72 +6.5 (0.8:0.52)
"| FD(¢)=30% 0.78 +8.5 (0.65:0.45)
FD(1)=40% | 0.84 +20.1 | (0.45:0.81)
FD()=10% | 0.1 +12.3  [(0.36:0.92)
FD(1)=20% | 052 +2.8 | (0.81:0.65)

arMa% TED(1)=30% | 0.64 £10.2 | (0.52:0.68)
FD(t) =40% 0.50 +19.2 | (0.25:0.87)

¢ End of Data Analysis-I
e Clustering Process Initialization

Let CP(Ts) and CP(Gs) represent the cluster formation of
a(t) and b(t) observed in different t time intervals, and
fud is observed in all Gs such that;

CP(Ty) =N =*Tg::a(t) + b(t),V fud =0 5)

and,

fud

CP(G) = TGS i fud *a(t) + b(t),V fud #0  (6)

As represented in Equations (5) and (6), the clusters are

observed from the instances (NxTs) and (fqu X Gs) are
mapped with FD(t). This paper uses a fuzzy clustering
model based on cluster formation to avoid false user
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demands. The solutions are generated with C-means
clusters and C-clustering centers. Now, based on the
fuzzy C-means cluster as in Equation (5), equation (6) is
rewritten as;

FD(t) =

{ CP(T) = N+ Ty = a(t) + b(®), Y fud =0 (7)
fud

%GS = fud *a(®) + b(6),V fud # 0

CP(Ty) — CP(G) = N * Ty:a(t) + b(t) —
For the above C-means cluster formation based on
transactions and goods stagnancy, the sequence of
Gs€rtns is to be precomputed on facing the first goods
stagnancy as in Equation (5). This is computed to
identify the false user demands from actual demand in
the cross-border e-commerce platform using the fuzzy
clustering model. The differentiating transaction and
goods stagnancy with the available dataset is processed
using clustering. The clustering representation is
presented in Figure 2.

® o ‘at)
=0 _®
’ Demand
. A A BKA
el ~ Products Products
* o0 .. fud A rng
AP 4 b
e o o =
A L] °oe o0
° » W -
Products i o
Demands

Products Products

Figure 2. Clustering representation for a(t) and b(t).

The fuzzy clustering process is first assumed for
Gs=T; condition where demand and forecast of products
are the same. The clustering process degrades its fud
based classifications for Gs and Ts such that if fud=0 then
rins rtng increases; the failing case fluctuates
irrespective of the demands. The separating condition is
the a(t) and b(t) for the clusters where FD(t) relies on
CP(Ts) and CP(G;) consecutively. The initiating
condition is the rtnsv all Ts observed if fud=0 (Refer to
Figure 2).

For this process, the consecutive goods stagnancy
detection conditions in NEG; is given as;

rtng -1

Ts
N(G) = (1 - %) PcT* + %; w (8)

In Equation (9), the sequence of previous cross-border
transactions is indicated as PcT*. Therefore, based on
the above sequence, B(t)=CP(Ts)-CP(G;s)[1-N(Gs)] is the
last output for fud#0 condition. The degree of stagnancy
(6rs) and (6ss) for transactions and goods in the initial
stage is given as;

o ~ CP(T,).T
s = TN (Gy) + a(®) + b(O)]; ©)
and,
CP(T,).T + CP(G,).T
O, ~ (10)

Yiet [(N ) TS)i(l—N(Gs)'CP(Ts))]

i

The Equations (9) and (10) are used to compute the

degree of stagnancy for the formed clusters based on
transactions and goods. For instance, the stagnancy
clusters Scs and transaction clusters Tsc are
differentiated and stored from the previous cross-border
transactions for future processes. In this initial clustering
process, the computation of s, 8es, CP(Ts) and CP(Gs)
are the serving inputs for the actual demand
identification across borders. The clustering processes
are iterated until the transactions in differentiating the
forecasted demands help to identify the actual demands
and false user demands in the cross borders between Ts
and Gset.

4.2. Data Analysis-2
o Degree of Stagnancy

Based on the Table 2 FD(t), the degree of stagnhancy for
the cases in Equations (9) and (10) are validated in Table
3.

The stagnancies under &rs and & are estimated for
direct and indirect FD(t) ratios. Considering the N(Gs) as
the combination of 6 and 6gs the fud#0 condition is
planned to be thwarted. The fud#0 differentiates rtns
until Ts=Gs is balanced. The maximum value (=1)
represents the maximum false forecast and no returns, as
illustrated in Table 3 below. Using the a(t) and b(t)
independently identifies the stagnancies in any cross-
border sale. The transactions are optimal in defining
multiple forecasts for the products and demands.
Therefore, the highest value observed instances are to be
extracted using demand differentiations. This clustering
process is discussed in the following section.

Table 3. Degree of stagnancy analysis based on Equations (9) and
(10).

FD(1)=10% | FD(1)=20% |FD(#)=30%] FD(f)=40% | 01 | 8.

[FD(1)=10% 1 0.35 0.41 0.45  |0.85/0.05
a(y FRO=20% 045 1 0.65 071 [0.72/0.09
FD(1)=30%  0.52 0.65 1 0.75  |0.78/0.26
FD(1)=40%  0.49 0.75 0.93 1 0.65/0.39
FD(1)=10%  0.52 0.45 0.32 1 0408
b(t) FR0=20% 075 0.52 1 0.42  |0.58/0.76
FD(1)=30%  0.89 1 0.81 073 |0.630.62
FD(1)=40% 1 0.93 0.85 0.75 |0.7/0.58

¢ End of Data Analysis-2

o Clustering Process for Differentiating the
Demands

In the demand differentiating process, the fuzzy
clustering model is used for identifying the actual
demands of &1 or égs and validating fud. As this cluster
formation relies on previous cross-border transactions
based on a(t) and b(t), the more reliable precision
marketing of cross-border e-commerce is achievable
using the clustering process. The clusters are formed
using fuzzy derivatives on two pairs, i.e., returns,
transaction, and returns, stagnancy. The number of
product/ service demands may vary, throughout the
previous cross-border transactions helps to classify the
two pairs for defacing the returns for identifying the
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actual demand. In particular, this model performs two
types of processing, namely transaction differentiation
and actual demand identification. In the transaction
differentiation process, Ts and Gs Are identified to
improve the stored previous cross-border transactions of
a(t) and b(t). Instead, in the demand identification,
different instances of goods stagnancy are identified to
improve profits and better assess and detect false user
demands. The validation of a(t)+b(t)ertns is clustered
under Ts and Gs based on identifying the minimum
degree of staghancy occurrence. In the clustering process
a(t) and b(t) observed in the different instances is
classified alone based on the minimum degree of
stagnancy. The minimum degree of stagnancy is
identified from N(Gs) and (Nt) throughout, after which
the Iterative C-means Clustering (ICC) model is used to
update the actual returns for providing precise user
demands. The sequential cluster formation using fuzzy
derivatives (Crorm ($)1t0 Crorm (H)t) is computed as;

Cform(ﬁ)l = tsl \
Crorm(®), = 2T, - 2(Gg), — CP(Tcs + Scs),
Crorm(®)3 = 3Tsy — 3(Gy)y — CP(Tcs + Scs), (11)

Crorm @) = N * Ts, — N(G5); — CP(Tcs + Scs),_y )

In Equation (7), ensure that CP(Tcs+Ses) terms are
consistently indexed across all equations. If N represents
a general variable, clarify whether it is a constant or a
function. If the cluster formation process involves
weighted fuzzy derivatives, explicitly define how Gs
and Ts are computed.

U(a(rms))1 =G,
U(artny)), =2(Gs,) + FD(1)
U(aGriny), = 3(6s,) + FD(3) (12)

U(a(rtns))t = NE(GSt) +FD(t—1))

In Equation (8), ensure that FD(t-1) is well-defined in
the preceding text. If Gs is a cumulative function or
derivative, clarify whether it is normalized or scaled.
Consistently index FD terms across equations.

The process of minimum stagnancy pairs generates
actual forecasts from Crorm ()1 t0 Crorm ($)t SEQUeENCeS, and
updates the sequence of the actual returns (U(a(rtns)). to
U(a(rtns))). Now, clustering is iteratively performed
using fuzzy derivatives based on the user demand for the
products/ services observed in the sequences. The
condition of rtns€Corm (9) must not be equal to
rtnseU(a(rtns)) is the appropriate clustering condition. If
the occurrence of goods stagnancy is detected in the first
sequence, then the update of actual returns is performed
using current cross-border transactions; this means, the
transactions that are differentiated as per the norms of
goods stagnancy presence, then N(Gg)+FD(t-1) is the
returns updating sequence. In the clustering process, the
initial set is differentiated from the demand that defaces

the returns using fuzzy derivatives. In such pairs, the
matching of Crorm ($)t and U(a(rtns)) is verified such that
T={TsUCP(T9)} and Gs={Ciorm (O)NCP(Gs} is
clustered alone to provide precise user demands. The
update of the actual returns is achieved at its first level
from which the minimum stagnancy pairs are alone
extracted. After the clustering process, the product/
service demand forecast in the current transaction is
compared with previous cross-border transactions based
on the sequence of good returns observed. Here, the
inputs of CP(Gs) and Gs used to update the previous
cross-border transactions using the training set for all the
classified forecasted demands under goods stagnancy. If
the false user demands are identified in any instance, the
new sequence of transactions is further distinguished and
clustered under fuzzy derivatives, where rtnseTs is
satisfied. Based on the C-means clustering model, the
condition Tcs>Scs output as “1”, whereas the condition
Tsc<Scs output as “0” for improving benefit to the e-
commerce companies. If zero is observed in any
transaction, then the false user demand forecast is
detected from the sequence, and hence, the demand
forecast of any TsinG;s initiates the sequential cluster
formation and updating returns as in Equations (7) and
(8). Now, the good returns are required to be verified by
the fuzzy C-means clustering process and updates from
the previous cross-border transactions. The clustering
decision flow is graphically given in Figure 3.

Demand Returns

Condition Condition
EL Yes N =
=== T=FD(t =5l a
) l DO :.Ja@fx\

Yes @
P G0 ‘
‘ (?alcula‘lc:rtn!

Begin: T No Furecasl:FD(l)

“a"

Compute
FD(t)

Stagnancy Yes
Condition" fud=0
atl
Increase

No Ts No
o= Fe N Yes
= [L) (= b(n=a(t)
Calculate C".""'“"f"e Differentiate: Initialive Ua
N(Gy) orm(vy. a(6).bie) (rtny),

Figure 3. Graphical representation of clustering decision flow.

The clustering decision flow is graphically presented
in above Figure 3. The demand, returns, stagnancy, and
clustering conditions are used in the decision process to
identify rtns based transactions. If the Tsc<Scs is the
satisfying condition, then stock-based transactions with
fluctuations are analyzed. Using the different block
conditions, Cromy and U(a(rtns)); are differentiated.
Considerably the clustering condition fits beyond
Tcs>Gs and  Ts=Gs conditions to increase the
performance of demand forecasting. However, the fud=0
and fud+0 cases are distinguished earlier to ensure Tcs
and Scs ranges. The clustering process of two pairs
occurring in sequence in the proposed model is to ensure
profits for the e-commerce company. In this computation,
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initially, the identified actual demand is used to
differentiate the demand based on forecasted products/
services. In the computation process, the training set
serves as the input for similarity analysis with the
extraction of minimum stagnancy pairs obtained to
forecast the user demands. In the previous transactions
retrieval, the minimum stagnancy pairs are fetched to
ensure the goodwill of the products/ services to verify if
there is any goods stagnancy. If minimum stagnancy
occurs in any transactions, then the actual forecast is
performed. Instead, of the maximum stagnancy
occurrence in any transactions, the actual returns are
updated to improve precise user demands. Here, the
cluster formation-based fuzzy derivatives and updated
returns differ from the necessary product/ service
demand forecast.

Equations (13) and (14) show the occurrence of
stagnancy and transaction clusters at different times. If
the minimum stagnancy satisfies the first pair instead of
the maximum stagnancy satisfies the second pair to
ensure good returns of the products/services, the forecast
is updated for the increasing user demand. Hence, this is
not considered in the clustering process and is iterated
until the end of transactions.

Crorm®); = Gy, \

Crorm(®), = 265, + CP(Gy), + fud, |
Crorm(®); = 3G, + CP(Gy), + fud, },stagnancy cluster based occurrence(13)

: |

)

Crorm@)e = NG, + CP(Gg),_y + fud,_,

and,
Crorm@); =0
Crorm(®); = CP(Ty), + 2T, — fud,
Crorm(®)3 = CP(T), + 3T, - fud, ,transaction cluster based occurrence (14)

Crorm@)e = CP(T),_, + NTy, — fud,)

4.3. Data Analysis-3

¢ Clustering Outcomes for Stagnancies and
Transactions

The clustering outcomes for stagnancies and transactions
are tabulated below.

Table 4. Clustering outcomes for stagnancies and transactions.

. Chorm (Dt Chorm (Dt

Conditions| Category (Stagnancy)|(Transaction) U(a(rtny)). | fud
Electronics 0.03 0.031 0.21 0.154
T>G Consumables|  0.058 0.048 0.25 0.145
o Decors 0.101 0.105 0.28 0.32
Clothing 0.13 0.118 0.24 0.214
Electronics 0.07 0.03 0.32 0.314
=G Consumables| 0.108 0.089 0.38 0.189
y Decors 0.132 0.105 0.41 0.324
Clothing 0.16 0.132 0.42 0.306
Electronics 0.14 0.121 0.45 0.348
T<G Consumables| 0.162 0.101 0.48 0.364
s Decors 0.21 0.09 0.42 0.297
Clothing 0.184 0.085 0.51 0.369

The data analysis in Table 4 concerns the product type
as electronics, consumables, decors, and clothing. The
demands and fud are analyzed for the clustering rates
for the 4 categories independently. This is analyzed and

Ts>Gs, Ts=Gs, and Ts<G; criteria as presented. The first
criterion is satisfying based on the condition b(t)>a(t) to
reduce fud, whereas the switchover occurs from Ts=G;
and then moves to Ts>Gs Conditions. Such conditions are
thwarted using U(a(rtns)). with its accommodation
between FD(t) and FD(t-1). These intervals are defined
under multiple t to distinguish stagnancy and transaction
clusters.

e End of Data Analysis-3

In both the processing, the false user demand is
augmented before the forecast demand is updated as;

1(Gs )+ T,
U(FD(t))l = %
2(G, )+ T,
U(FD(®), = % - fud,
U(FD()) = 3 (Gs ) i, (15)
U(FD(®), = ;CT* - fud,
N C:?s Ts—t
U(FD()), = % - fud,

The forecast demand is updated at the end of all the
transactions or before the start of the next transaction. In
the forecast, the update is performed along with updated
returns and transactions, providing accurate user
demands. Therefore, the other derivative clusters are
disintegrated, where the first pair represents the forecast
update for all the Ts and later represents the goods’
stagnancy. It is to be addressed that either the stagnancy
or transaction clusters i.e. clustered under Ts or Gs in the
cross borders. From the previous cross-border
transactions, the training set with inputs Gs, &rs and fud
is used for the next cluster formation. Using the fuzzy
derivative groups are disintegrated after the complete
transaction. In this case, the false user demands is
computed as follows:

N s rtng— CP(Ts) = (67,) +t
CP(Gy).t

(16)

fud =

such that,
Zyin, = N # Ty = 07, CP(TS) + Corm @) —a(®) +b(t)  (17)

Equations (16) and (17), the occurrence of
differentiation of the demand that defaces the returns is
classified based on minimum stagnancy. This false user
demand is used to validate the next sequential
assessment with the probability of clustering in either
transaction clusters or stagnancy clusters. Instead, if
fud=0, then the next computation sequence of
CP(Ts)=true, is grouped under transactions. Similarly, if
Tes>Scs, then fud=0 is to improve the transaction rate.
Therefore, the update of the forecast means the
prediction efficacy is improved. The other derivative
clusters are disintegrated until the above condition fails.
Instead, the occurrence of a minimum degree of
stagnancy continuously ensures the goodwill of the
products/ services until it extracts the cross-border
transaction for false user demand forecasts. Hence, the
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unnecessary demands are reduced, thereby improving
prediction efficacy.

4.4. Data Analysis-4

e Updated Forecast and Minimum Stagnancy

Table 5 presents the minimum stagnancy observed from
FD(t) variances. This is observed from the (t-1)
clustering Ts to enhance the actual forecast.

Table 5. Minimum stagnancy from FD(t) variances.

Minimum FD(t-1) Updated
Category  |FD(®) (%) Stagnancy Difference Forecast
Electronics 0.13 +0.15 0.84
Consumables 10 0.08 +0.08 0.76
Decors 0.12 +0.121 0.72
Clothing 0.107 +0.098 0.65
Electronics 0.19 +148 0.68
Consumables 20 0.14 +0.07 0.41
Decors 0.17 +0.128 0.52
Clothing 0.15 +0.102 0.65
Electronics 0.24 +145 0.68
Consumables 30 0.18 +0.09 0.041
Decors 0.22 +0.124 0.65
Clothing 0.23 +0.108 0.115
Electronics 0.37 +145 0.21
Consumables 40 0.21 +0.085 0.052
Decors 0.35 +0.135 0.81
Clothing 0.28 +0.115 0.75

Table 5 presents the minimum stagnancy observed
from FD(T) variances. This is observed from the (t-1)
clustering Ts to enhance the actual forecast. Therefore,
the actual forecast is FD(t)xfud observed during the
clustering process, specifically the difference between t
and (t-1)" an instance is the variables that ensure a(t)>b(t)
condition. Therefore, the updated forecast is the more
precise outcome of the information provided in data
source 2 after cluster disintegration. Therefore, the
consecutive assessment of Ts and Gs for rtns Identified
the precise variance in minimum stagnancies (Table 5).

¢ End of Data Analysis-4

5. Discussion

The discussion section concerns the impact of demand
prediction, return detection, false = demands,
differentiation time, and stagnancy detection over
electronics, consumables, decors, and clothing. The
number of products ranges from 0.5K to 7K and the
transaction varies from 1 to 12 per product.

The minimum/maximum false user demands in
domestic e-commerce platforms at the time of electronic
item transactions are identified to reduce stagnancy.
During electronics transactions, false demands are high,
reducing good returns for the cross-border e-commerce
company. To overcome this issue, the ICCM is designed
to improve the product/service demand prediction
through different methods. This proposed method
enhances the electronic transaction rate with stagnancy-
less returns. The minimum degree of stagnancy
identified in any electronics transaction between the

cross-border e-commerce platform increases false
demands. However, false demand identification is
performed by fuzzy clustering to predict accurate user
demands in the precision marketing of the e-commerce
platform. High false demands are detected during
electronic transactions, and transactions and goods
stagnate. Using the clustering process, the returns based
on transaction and goods stagnancy are differentiated to
find the actual demand in the e-commerce platform,
thereby reducing the unnecessary demand prediction.
For instance, if the maximum false demand identified in
any electronic transactions is to increase goods
stagnancy. The clustering process is iterated until the
transactions differentiate the returns such that the high-
demand prediction is achieved (Figure 4).

Type 1= Electronics Type 2= Consumables
—+— Type 3= Decors—— Type 4= Clothing
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Figure 4. Representation of demand prediction.

In consumables transactions, high stagnancy is
addressed with high material composition verification
under both classifications. The fuzzy derivatives reduce
the transaction and goods stagnancy in domestic e-
commerce transactions. For instance, initially, the
consumables weights are computed, and then stagnancy
is identified to ensure good returns for the cross-border
e-commerce companies. The ICCM is applied to identify
the minimum degree of stagnancy in consumables
transactions that better differentiates two pairs for
distinguishing the false demands. If the product/ service
demands for consumables differ the clustering process is
performed to ensure the goodwill of the products/
services. Such an identified process fails the cross-
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border transaction for false demand forecasts from which
the good returns are achieved. The clustering process is
iterated by separating the transaction and goods
stagnancy based on returns for identifying the actual user
demand. Hence, the consumables are verified and then
transacted to the appropriate location. Therefore, the
high return detection is satisfied to reduce stagnancy in
consumables transactions (Figure 5).
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Figure 5. Representation of return detection.

In the domestic e-commerce platform, the decors
transaction is performed using ICCM with stagnancy-
less returns for false demand forecast. By reducing the
transaction and goods stagnancy that increases the actual
demand of the decors in the cross border e-commerce
transactions. Hence, the décor business must not restrict
itself to just decorating the home to avoid such problems.
The decors transaction is the profitable business, where,
the earnings are higher than investments. Factors that
affect the transaction rate are poor product quality, item
dissatisfaction, defective items, and incorrect sizing.
Based on the fuzzy-based derivative groups, the optimal
decors transaction is performed with its minimum degree
of stagnancy to satisfy high return detection. For
example, based on the user demands, the decors are
arranged and packed for transaction to the corresponding
user. If the user returns the products, then the clustering
process is performed. In this transaction, the stagnancy
returns and then returns transactions are clustered
independently for identifying the actual demand and then

providing precise user demand. Based on the fuzzy
derivatives, the return detection is increased with cluster
formation (Figure 6).
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Figure 6. Representation of false demands.

In clothing transactions, ICCM is used to provide high
recommendations for identifying the user demands for
maximum stagnancy-less returns. The minimum degree
of stagnancy is identified in any transaction where
products/services are analyzed and then appropriate
services to the users. The clustering process is used to
show both transaction and goods stagnancy returns using
fuzzy derivatives for improving the prediction efficacy.
Further, demand differentiation is performed to classify
the returns to increase clothing transactions. The
stagnancy identified returns retards the cross-border e-
commerce transaction such that the clustering process is
iterated to identify the actual demand for making better
decisions to transact clothing between cross-border. In
different user demands observation for clothing, the
returns based on poor product quality, false product, size
variation, etc. are optimal in identifying stagnancy and
then using an updated forecast for the next transaction.
Therefore, the nearest possibility of a minimum degree
of stagnancy is detected to identify the accurate user
demands for clothing. The optimal fuzzy derivative is
used to increase the clothing transaction between cross
borders. From the instance, the clothing demands are
forecasted with high stagnancy detection (Figure 7).
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Figure 7. Representation of differentiation time.

In electronics, clothing, consumables, and decor
transactions, the products/services demand-based
maximum stagnancy identification is difficult in
improving the transaction rate in domestic e-commerce
transactions. The appropriate fuzzy-means clustering is
generated with maximum prediction efficacy and less
stagnancy detection to increase the goodwill of the
products/ services. The transaction and stagnancy
clusters are identified and segregated through a fuzzy C-
means clustering process for identifying the actual
demand. Using the transaction and goods stagnancy
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differentiation, the products/service demands that deface
the returns are classified under the minimum degree of
stagnancy detection. For predicting the accurate user
demands in precision marketing of cross-border e-
commerce products/services are forecasted through a
fuzzy clustering model. Comparing the product/ service
distribution with the previous database for disintegrating
the fuzzy-based derivative groups after the transaction is
to improve the prediction efficacy of user demands with
less stagnancy detection (Figure 8).
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Figure 8. Representation of stagnancy detection.

The evaluation parameters for demand forecasting,
including Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Accuracy (Acc), and Coefficient
of Determination (R?), are presented in Table 6. The

observed results show varying trends across different
models, with R? values indicating higher predictive
reliability for Model A, whereas RMSE and MAE values
highlight the errors associated with each forecast.

Table 6. Comparison off FCM framework with competing algorithms.

Parameter FCM method | Two-stage feature selection [5]| SGNR [18] | TPGN [16]
Prediction accuracy (%) 90.5 88 86 87
Recommendation precision (%) 92.3 89 91 90
User satisfaction (%) 85.7 80 83 82
Computational efficiency (ms) 150 200 180 170
Scalability High Medium Medium Medium

6. Conclusions

Cross-border e-commerce transactions are influenced by
true and false product/service demands over the years.
To improve the complementary return-based transaction,
the false demand predictions are to be refrained. The
iterative C-means clustering method introduced in this

article was optimal to strengthen this improvement. This
clustering was performed based on stagnancy and
transactions performed to identify minimal distortions.
Those identified transactions are differentiated to
identify and reduce false demands. Based on the returns
the minimal and maximum stagnancies are further
derived from the fuzzy process and are grouped. As the
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minimum stagnancy is observed under the various
goodwill returns, the clustering process is disintegrated.
This process is iterated under high repetitions to improve
successful transactions. Based on the derivative groups
the transaction completeness and grouping processes are
planned for further improvements.
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