14 ISSN 1990-5548 Electronics and Control Systems 2026. N 1(87): 14-23

UDC 004.891:004.65:339.138(045)
DOI:10.18372/1990-5548.87.20881

10lena Arsirii,
Dmitriy Ivanov

A MODEL AND METHOD OF TRANSACTIONAL-BEHAVIORAL DATA MINING
FOR B2B CONTENT PERSONALIZATION

Odesa Polytechnic National University, Odesa, Ukraine
E-mails: 'e.arsiriy@gmail.com ORCID 0000-0001-8130-9613
Zivanovdima9988@gmail.com ORCID 0009-0009-3958-5310

Abstract—The growth of financial significance and structural complexity of the B2B e-commerce market
segment, alongside the necessity to increase its efficiency, has determined the relevance of developing a
model and method for the intelligent analysis of B2B customer transactional and behavioral data for
content personalization. This study analyzes data mining methods based on Apriori, FP-Growth, and
Eclat algorithms and data structures, identifying ways to improve them for B2B-specific data analysis. A
conceptual model for analyzing B2B customer commercial activity has been developed, incorporating the
product of item quantity and individual B2B transaction price. Furthermore, the UP-Growth (Utility
Pattern Growth) method has been developed, utilizing a weighted node utility calculation within the tree
structure instead of the standard frequency counters used in FP-Growth. The paper provides examples of
constructed association rules and sequential patterns, accompanied by explanations of their economic
significance. The impact of the derived association rules and sequential patterns on the formation of
personalized product, information, and recommendation content within B2B e-commerce systems is
examined.
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B2B systems; transactional and behavioral data.
I. INTRODUCTION

Modern B2B e-commerce systems operate in a
highly competitive online environment, where the
speed and accuracy of meeting wholesale customer
needs depend on content quality. Current content
quality standards are based on a personalized
approach to its creation. The necessity for effective
content personalization in B2B systems is further
validated by the immense financial scale of this
segment. The global B2B e-commerce market,
valued at $11.54 trillion in 2024, significantly
surpasses the B2C market ($6.55 trillion). Projections
of its growth to $60.62 trillion by 2034 indicate that
even a slight increase in customer interaction
efficiency through personalization will yield a multi-
trillion dollar economic impact [1] — [3].

At the same time, it has been established that
traditional content personalization methods are
designed for the B2C e-commerce segment and are
based on customer data mining — specifically
association analysis aimed at identifying hidden
relationships between various elements (products and
actions) in large B2C transaction databases [4]. Well-
known association rule mining methods such as
Apriori, FP-Growth, and Eclat are effective in B2C
transactional databases containing many
homogeneous transactions, as customers often make
impulsive purchases driven by emotions and simple
user experience [5].

Since B2B purchasing is rational, high-value, and
driven by ROI (Return on Investment) requirements,
there is an urgent need to analyze and adapt existing
models and methods of association analysis to
address B2B-specific challenges. These include the
complexity of the Buying Center (where purchasing
decisions are made by a group of people or
departments within the buyer organization rather than
a single individual), individual pricing conditions,
data sparsity (infrequent but large orders), and the
necessity for long-term partnerships [6]. Therefore,
the adaptation and modernization of data mining
methods that utilize transactional data to identify
association rules and typical purchasing patterns, as
well as behavioral data to understand purchasing
scenarios and the needs of various roles in B2B e-
commerce systems, is a highly relevant task. Solving
this problem will enable the creation of relevant and
rationally justified product, information, and
recommendation content based on a personalized
approach to meeting the needs of B2B e-commerce
customers.

II. LITERATURE REVIEW

In article [7], a B2B e-commerce system is
defined as a comprehensive online platform or a set of
interconnected technological solutions designed to
facilitate commercial transactions, information
exchange, and the automation of business processes
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between two or more legal business entities. It is
well-established that B2B (Business-to-Business)
transactions involve the exchange of goods, services,
or information between two or more business clients
[8] — [10]. According to the transaction concept, the
primary aspect is wholesale trade [8]. This business
model allows retailers to purchase products at a lower
price and resell them to consumers with a markup.
Another significant concept is marketing [9]. B2B
marketing strategies focus on building relationships
with other enterprises rather than individual
consumers. This often involves a longer sales cycle
and more complex decision-making processes. A
business client (Customer) in a B2B context refers to
other companies (enterprises) rather than individuals.
Such customers possess distinct needs and purchasing
behaviors compared to individual consumers [10].
B2B companies must understand the specific

TABLE L.

requirements and challenges of their business clients
to provide value solutions. Collaboration
(Collaborative) is a key element of B2B relationships.
Enterprises often work closely together to achieve
common goals. This collaborative approach fosters
long-term partnerships and innovation [10].

Thus, the B2B transaction concept model
"Wholesale, Marketing, Customer, Collaborative"
significantly influences the formation of personalized
content in B2B e-commerce systems, unlike B2C
systems, where content is primarily generated
through statistical analysis of purchase frequencies
and general behavioral patterns of mass consumers.
Detailed differences between these two e-commerce
operational models across key indicators are
presented in Table 1. The comparative table was
formulated by the authors based on an analysis of
information provided in [11] — [14].

COMPARATIVE ANALYSIS OF B2B AND B2C E-COMMERCE SYSTEM OPERATIONAL MODELS

BY KEY METRICS

B2B (Business-to-Business) |

B2C (Business-to-Consumer)

Target Audience

Smaller number of buyers. Consists of other companies,
startups, enterprises, large corporations, government
agencies, and non-profit organizations.

Large number of buyers — individual consumers.

Transaction Value

High value, larger volumes, lower frequency. |

Low value, smaller volumes, higher frequency

Purchase Motivation

Rational: focused on business efficiency, cost reduction,
profit maximization, and long-term goals.

Emotional/Impulsive: focused on satisfying personal
needs and desires, based on price, brand, and trends.

Decision-Making Duration
Longer and more complex: involves multiple | Shorter and simpler: often a single-person decision,
stakeholders, negotiations, potential testing, and | quick purchase.
contracts.

Sales Cycle

Long (from 1 to 6 months). |

Short (from 1 to 6 days).

Customer Relationship Features

Long-term partnerships: emphasis on trust-building,
ongoing support, and customized solutions.

Short-term, transactional.

Marketing Features

Focus on logic, value proposition, ROI, personalized
offers, direct sales, and content marketing.

Focus on emotions, brand image, advertising, social
media, promotions, and convenience.

Payment Methods

Complex methods (credit lines, invoicing, bank transfers,
deferred payments). Higher priority on security.

Quick and convenient methods (credit/debit cards, mobile
wallets, electronic payments).

Product/Service Customization

High degree of customization, specialized solutions. |

Standardized "ready-to-use" products.

For instance, [11], [12] emphasize that the vast
majority of B2C e-commerce platforms utilize static
content generation methods based on fixed rules or
universal recommendations for individual customers.
Such an approach fails to account for purchasing
patterns, the specific business characteristics of
wholesale clients, seasonality, or interdependencies
between products. This limits service efficiency and

reduces the likelihood of repeat purchases [13], [14].
Addressing these issues requires a systematic
analysis of existing models, methods, and
technologies for association analysis of transactional
and behavioral customer data to modify them for
enhancing the personalization of product,
information, and recommendation content within
B2B e-commerce systems.
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Research into established data analysis models
and methods for Association Rule Mining indicates
that they are primarily focused on identifying
frequently recurring combinations of products or
events within B2C e-commerce transactions, without
considering their quantity or individual price [15] —
[17]. This limitation is critical for B2B systems, as it
fails to account for the actual value of wholesale
transactions. Essentially, these methods are built
upon the concept of frequent itemsets, which appear
in sets and are linked to the notion of frequency — the
primary determinant of value in B2C transactions.
Conversely, for B2B transactions, the determining
factors are cost and volume.

The fundamental toolkit for identifying such
frequent patterns is based on three key approaches
that differ in their search space traversal methods and
data representation structures. Specifically, these
include the well-known Apriori algorithm [15], which
performs candidate generation followed by the
pruning of infrequent itemsets; the FP-Growth
algorithm, which constructs an FP-Tree for
subsequent mining without candidate generation [16];
and the Eclat algorithm, which identifies frequent
itemsets through the intersection of pre-constructed
TID-lists (Transaction ID lists) [17]. Drawing on
existing literature, we examine the advantages and
disadvantages of these popular association analysis
algorithms in greater detail (Table II).

TABLEII. COMPARATIVE ANALYSIS OF ASSOCIATION
RULE MINING ALGORITHMS: ADVANTAGES AND
DISADVANTAGES

Ope.r at.l onal Advantages Disadvantages
Principle
Apriori
Candidate Simple, Slow
Generation classical performance on
approach. large datasets.
FP-Growth
FP-Tree High speed, no | More complex
(Frequent candidate implementation.
Pattern Tree) generation
required.
Eclat
TID-list Simple and fast | High memory
Intersection on small to consumption on
(Vertical Data medium large-scale data.
Format) datasets.

The method for mining frequent itemsets in

transactional databases through iterative candidate
generation and testing is based on the Apriori
algorithm [15]. The fundamental idea of the
algorithm relies on the Apriori Property — the

principle that any subset of a frequent itemset must
also be frequent. The algorithm operates bottom-up
(from shorter to longer itemsets), using frequent sets
identified at the previous step to generate candidates
for the next one. During this process, candidate sets
that are guaranteed not to be frequent are discarded
(pruning). However, the efficiency of Apriori in B2B
is limited due to high computational overhead when
analyzing long transactions.

The FP-Growth (Frequent Pattern Growth)
algorithm is more adaptive to large datasets, as it
minimizes the number of database scans by
constructing a compact data structure — the FP-Tree
(Frequent Pattern Tree) [16]. Based on this structure,
a recursive search for possible product combinations
or behavioral patterns is performed. Despite the
implementation complexity of FP-Growth, the
authors believe that the capability to mine data
without candidate generation is critical for complex
B2B catalogs. Therefore, this specific algorithm is
proposed for further enhancement to analyze the
transactional and behavioral data of B2B customers.

The third approach is implemented in the Eclat
(Equivalence CLAss Transformation) algorithm [17],
which is based on a vertical data representation and
transaction  identifier = (TID-sets) intersection
operations, ensuring fast mining in sparse databases.
The core idea of Eclat is to store a list of transaction
identifiers (TID-lists) for each item where it appears
and to find frequent itemsets by intersecting these
lists.

Despite their technical excellence, all mentioned
association mining methods, in their classical form,
are oriented exclusively toward the binary presence
of an element in the basket. This necessitates their
modification to account for the quantity and value
parameters of wholesale operations.

Thus, the conducted research into the specifics of
B2B e-commerce systems and existing association
mining methods has revealed a significant gap
between the theoretical possibilities of pattern
discovery in customer transactional and behavioral
data and their practical effectiveness in creating
personalized content within a B2B environment. This
disparity determines the aim and objectives of this
research.

III. MATHEMATICAL FOUNDATIONS OF
TRANSACTIONAL-BEHAVIORAL DATA MINING

The study is based on the mathematical
framework of Data Mining, specifically the concept
of Association Rule Mining. Formally, the problem
is defined over a set of transactions

D= {7],T2 ...7:,1}, where each transaction T consists
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of a set of items (Stock Keeping Units, SKU),
I={ii,...i,}. The

dependencies relies on calculating probabilistic
metrics, such as Support and Confidence. However,
the classical approach implemented in the Apriori
and FP-Growth algorithms utilizes a binary model
(the fact of an item's presence), which fails to
account for the financial significance of B2B
operations. This paper proposes an extension of the
mathematical framework of Frequent Itemset Mining
toward High-Utility Itemset Mining (HUIM). This
enables a transition from simply counting the
frequency count(ix) to calculating a utility function
Ul(ix), which, within the developed conceptual model,
is defined as the product of the SKU quantity and its
individual price.

process of  discovering

IV. THE AIM AND OBIJECTIVES OF THE
RESEARCH

The aim of this research is to improve the model
and method for intelligent analysis of customer
transactional and behavioral data to enhance content
personalization within B2B e-commerce systems. To
achieve this aim, the following objectives have been
identified:

e to develop a conceptual model for analyzing
the commercial activity of B2B customers,
incorporating the product of item quantity and
individual B2B transaction price;

e to develop the UP-Growth (Utility Pattern
Growth) method, utilizing a weighted node utility
calculation within the tree structure instead of the
frequency counters used in FP-Growth;

e to analyze the practical research results
regarding the developed model and method, and to
discuss ways of enhancing the personalization of
product, information, and recommendation content in
B2B e-commerce systems based on these findings.

V. THE RESEARCH MATERIALS AND METHODS

A.  Development of a Conceptual Model for B2B
Commercial Activity Analysis

Taking into account the fundamental concepts of
association analysis in transactional and behavioral
data of B2C platforms, such as transaction,
sequence, sequential pattern, and association rule,
as well as the quality metrics for their construction,
we represent the structure of the B2B commercial
activity conceptual model as a three-level hierarchy:
“FEntities, Relationships, Metrics”.

The first level, Entities, contains data objects. It
serves as the foundation of the conceptual model,
transforming "raw" data into structured information.
The entity level consists of sets of item positions 7,

where each i (Stock Keeping Unit, SKU) is the
atomic unit of analysis; transactions 7, which are
logical groupings of products considering volume
and individual price (rational context); and customer
sequences S, which are chronological chains of
transactions reflecting the customer lifecycle. It
should be noted that in practice, a B2B entity is a
single wholesale order placed by a buyer company,
including multiple SKUs and specific financial
terms. An SKU has a unique alphanumeric code
used by the enterprise (seller, distributor, retailer) for
internal identification, tracking, and inventory
management [18]. Below are the formal definitions
of the «Entities» within the conceptual model.
The set of item positions / is defined as

I={i,i,...i,}, (1)

where i is the identifier of an item (SKU) available
for ordering in the B2B system.

A transaction T is a logical unit of operation
occurring at a single point in time 7. It is a subset of
I(i.e., T €1) and is defined as a set of m tuples:

T={t.t,...t,}. )

Each element # of the transaction T is a tuple
describing a purchased or processed item,
accounting for its quantity (Quantity) ¢ and cost p:

3)

where i € [ is the unique item identifier (SKU);
qr 1s the quantity of the item in the transaction;
pr 1s the individual unit price (Price) applied to the
specific customer, reflecting personalized discounts
and purchase volume.

A sequence s, in B2B is a time-ordered activity
log of a single customer (or a Buying Center),
consisting of a set of transactions 7 that occurred at
different points in time t:

s, =T1,T,..

1 2

tk :ik’kapka

T, @)

where 7, is a B2B transaction (2) that occurred at

time 7;; the sequence is strictly ordered by time, such
that 11 < 12 <...< Tp.

The second level, Logical Relationships, contains
the so-called analytical vectors. By establishing
these connections, data is transformed into
knowledge about behavior. The second level is
based on:

e association rule vectors, these describe
horizontal relationships, representing item positions
(ix, g1, pr) (3) that are purchased together. Such vectors
serve as the foundation for “product personalization”
and the formation of product bundles;
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e sequential pattern vectors, these describe
vertical (temporal) relationships sk (4), representing
the sequence of transactions over time. These
vectors are the basis for “predictive personalization”,
recommendation content, and the management of
replenishment cycles.

Below are the formal definitions
“Relationships” within the conceptual model.

An Association Rule (AR) in B2B reflects the
simultaneous presence of products, services, or
actions within a single transaction 7" (2). If I is the set
of all elements (SKUs / services / actions), and 4 and
B are two sets of elements such that 4 — I, B < I, and
A N B =, then an association rule is formulated as:

AR=A—>B, (5)

of the

which means — if a set of elements A is present in a
wholesale order (Transaction), then there is a high
probability that a set of elements B is also present in
the same order.

A Sequential Pattern (SP) in B2B reflects the
time-ordered  occurrence of transactions or
behavioral events (3) that form a customer activity
chain. If S is the set of all B2B customer sequences
(3), and o and P are two sequences of transactions or

events such that a= <Tra >, B= <T

T

>. A sequential
pattern is formulated as:

SP=a =, (6)

which means — if'at time 1, a customer performed an
event or a set of transactions a, then there is a high
probability that at a subsequent time tp, T« < Tp they
will perform an event or a set of transactions 3. The
notation “="" is used to specifically emphasize the
temporal sequence.

The third level, Evaluation and Validation,
contains quality metrics whose values serve as tools
for selecting the most significant rules or patterns
that carry economic value, namely:

o Support (S) characterizes the prevalence and
scale of a rule or pattern.

o Confidence (C) characterizes the reliability
of the prediction provided by a rule or pattern.

e Lift (L) characterizes the degree of
correlation between transactions or patterns,
accounting for its non-triviality and intellectual
novelty.

o Leverage (Le) characterizes the absolute
benefit or weight of a rule or pattern for the
business.

o Conviction (V) characterizes the stability of
a rule or pattern against random fluctuations.

Below are the formal definitions of the «Metrics»
within the conceptual model for constructing AR.

Support (S) of an AR indicates how frequently the
set {AUB} appears in the total database of B2B

transactions D. Thus, for the AR A—B, the support
S (A—B)S$ is defined as:
Sx(4—>B)=S,,(4UB)
{reD|AUBCT)|

- ¢
D]

where [{Te€D|AUBCT]| is the total number of

transactions containing both sets 4 and B, and |D| is
the total number of transactions in the B2B database.

Confidence (C) of the AR A—B indicates the
probability that if a customer purchased set 4, they
will also purchase set B within the same transaction.
This is a direct measure of the predictive value of set
A for the sale of set B within a single wholesale
order. Thus, for the AR A—B, the confidence

Cx (4 — B) is defined as:

Sz (AUB)
Cp(d—>B)="2——2 8
AR( - ) SAR (A) ( )
For B2B systems, the quality evaluation

(Support, Confidence) of an AR must account for

not only the number of transactions |D|, but also the
total financial value or volume of items 4 and B
within these transactions; that is, it must be weighted
according to definition (3).

Lift (L) indicates how much more frequently the
set {4UB} appears than would be expected if 4

and B were independent. Thus, for the AR A—B,
Lift L,,(A—> B) is defined as:

L, (4 B)- C(4— B) _ S (AUB)

SAR (A) SAR (A) SAR (B)

If L4z > 1, there is a positive correlation (rational
sense) in the joint purchase; if L4z < 1, there is a
negative correlation (substitute goods). This is a key
metric for B2B, as it filters out trivial rules that
appear frequent simply due to the high overall
popularity of one of the items.

Leverage (Le) measures the difference between
the actual frequency of the co-occurrence of sets A
and B and the frequency that would be expected if 4
and B were completely independent of each other.

Thus, for the AR A—B, Leverage Le,,(A—> B) is
defined as:

Le (A= B)=8 (A B) =S, (4)- S, (B). (10)

- 9)
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If Lesgk = 0, then eclements 4 and B are
independent, and their co-occurrence in orders is
purely coincidental. If Lesz > 0, there is a strong
logical connection between the elements, meaning
they appear together more frequently than expected.
In B2B, this serves as a signal for creating product
bundles or implementing joint logistics. If Lesz < 0,
the elements appear together less frequently than
expected, which may indicate that the products are
competitors or substitutes.

Conviction (V) indicates how frequently the AR
(5) yields incorrect predictions by measuring the
dependence of set 4 on set B. Thus, for the AR

A—B, Conviction V,, (4— B) is defined as:

1-S,.(B)

V,.(4— B)=———4 "1
(4= B) 1-C,(4—B)

(11)

A high V4 value indicates a very strong rule,
where the presence of set A significantly "forces" the
appearance of set B. This metric is particularly
useful for filtering rules when set 4 has very high
overall popularity.

Without further detailed elaboration, we define
the Metrics for constructing SP (6). These are
applied to the sequence database S, where event [
occurs after event o

Support of the SP:
|{s € S |a precedes in sequential s}|
S = .
sp (OL = B) |S|
(12)
Confidence of the SP
Ssp (0= B)
C St I S A 13
SP(O":>B) SSP(O,) ( )
Lift of the SP
Ly (a=p)=ele=P) (14)

Ssp ()-S5 (B)
Leverage of the SP

Leg, (a=B) =S (a=PB)—Sg(a)- S (B). (15)
Conviction of the SP

1- SSP (B)

“Cp(amp) 0

Ve (GDB):

Thus, the proposed conceptual model of B2B
commercial activity enables the formalization of
complex, multi-factor interaction processes between
the supplier and the customer. It integrates static
association analysis for optimizing product content

with dynamic sequential
proactive demand forecasting.

pattern analysis for

B. Development of the Utility Pattern Growth
(UP-Growth) Method

The mathematical foundation of the conceptual
model (levels “Entities, Relationships, Metrics™), as
demonstrated through expressions (1) — (16), enables
the transition from classical frequent itemset analysis
to the discovery of high-utility patterns. The Utility
Pattern Growth (UP-Growth) method, unlike the basic
Frequent Pattern Growth (FP-Growth) method [16],
operates not with the number of item occurrences, but
with the weighted utility of the tree nodes.

At the core of the proposed enhancement lies the
replacement of the unit increment of the support
counter with the calculation of Transaction Utility.
According to the developed model (3), the utility of
each element in a tree node is defined as the sum of
the products of the quantity ¢r and the individual
price py across all associated transactions

The process of discovering utility patterns using
the UP-Growth method consists of four key stages:

1) Calculation of SKU Potential Utility
(Transaction-Weighted Utilization):

e instead of a simple support count, for each
item position i, the total utility of all transactions in
which it is present is calculated as the product g« - px,
specifically: Ui = g - p;

e items whose total utility is lower than the
predefined min_utility threshold are discarded.

2) Construction of the UP-Tree (Utility Pattern
Tree):

e items within transactions are
descending order of their potential utility;

e when adding a transaction to the tree, nodes
are not merely incremented (count + 1) but instead
accumulate the utility value of the specific order;

e the compact structure of the UP-Tree
preserves information regarding the financial
significance of each prefix path

3) Generation of Conditional Potential Ultility
Bases, for each SKU, a conditional base is formed
based on the paths in the tree; however, instead of
frequency counters, the minimum potential utility
values of the paths are used.

4) ldentification of High-Utility Itemsets (HUI),
through recursive traversal of the UP-Tree, itemsets
are identified whose total utility exceeds the
specified min_utility threshold,

sorted in

U, =q, - p, = min_utility.

Table III presents the input data for a test example
of transactions, accounting for their utility, and the
results of the first two stages of the UP-Growth
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method. Figure 1 illustrates the structure of the

constructed Utility Pattern Tree.

TABLE III. INPUT DATA FOR THE TRANSACTIONAL TEST CASE ACCOUNTING FOR UTILITY AND RESULTS OF THE FIRST
TwO STAGES OF THE UP-GROWTH METHOD

Input Data Accounting for Utility q, xp,

Calculation of Potential Utility SKU (TU)
min_utility= $130

TID (Transaction Content (SKU, Quantity, Price)

Utility (U) | SKU | TU2$130

T5 | {A(2, $10), B(1, $20), C(1, $10), D(2, $5)} | $60

T1 {A(1, $10), B(1, $20), D(1, $5), E(1, $5)} $40 A: T1($40) + T3($50) + T5($60) = $150
. T1($40) + T2($55) + T3($50) + T4($35) +
T2 {B(2, $20), C(1, $10), D(1, $5)} $55 B: T5($60) = $240
T3 {A(1, $10), B(1, $20), C(1, $10), E(2, $5)} $50 C: T2($55) + T3($50) + T5($60) = $165
T4 {B(1, $20), E(3, $5)} $35 D: T1($40) + T2($55) + T5($60) = $155
E:

T1($40) + T3($50) + T4($35) = $125

Sorting SKUs by Descending Utility: B ($240) > C ($165) > D ($155) > A ($150), creating UP-Growth

T1 B, D, A, Creating nodes: B(40) —» D(40) —A(40)

T2 B, C, D. Incrementing B (40 + 55 = 95) Adding a new branch: C(55) —=D(55).

T3 | (105)-4(50)

B, C, A. Incrementing B (95 + 50 = 145). Incrementing C (55 + 50 = 105). Adding a new branch C

T4 B. Incrementing B (145 + 35 = 180)

TS 1115). Adding a new branch D (115) — A(60)

B, C, D, A. Incrementing B (180 + 60 = 240). Incrementing C (105 + 60 = 165). Incrementing D (55 + 60 =

(Root)

B (240)

A (40) C (165)
|/ \
D (40) D (115) A (50)
I

A (60)
Fig. 1. UP-Tree Structure for the Test Case

At Step 3, for each item, we identify all paths in
the constructed UP-Tree (Fig. 1) that contain this
item and form a Conditional Utility Pattern Base.
The analysis proceeds from the least valuable item to
the most valuable (bottom-up through the priority
list): A—D—C—B considering the threshold
min_utility = 130. Unfortunately, the limited scope of
this article does not allow for a detailed
demonstration of the conditional UP-Tree
construction process for each element in the priority
list; however, it is precisely at this stage that
economically inefficient associations are filtered out
prior to their final generation, significantly
optimizing B2B system resources when generating
personalized content.

At Step 4, we search for utility patterns where the
total weight of the nodes in the tree exceeds 130. For
the input data of the test example, such a pattern is
{B, C} with a tree utility equal to 165.

In conclusion, it should be noted that for the
personalization of B2B content, the use of the
enhanced UP-Growth method solves the "cheap
popular items" problem. This enables the B2B e-
commerce system to recommend products that
generate the primary profit rather than those that are
merely frequently purchased, as is the case when
using the FP-Growth method.

VI. RESULTS OF THE RESEARCH AND THEIR
DISCUSSION

The practical wvalidation of the developed
conceptual model for B2B commercial activity
analysis and the UP-Growth utility pattern mining
method was conducted using transactional and
behavioral data from the B2B e-commerce system
"Baza Obuvi" [14] (bazaobuvi.com.ua). The
specificity of the research object lies in the fact that
the atomic unit of analysis (SKU) is a shoe carton
(size assortment), which contains a fixed set of pairs
of the same article in various sizes (e.g., from 36 to
41). Furthermore, each transaction includes financial
parameters specific to B2B trade (individual price
per carton, number of cartons, and seasonal supply
conditions). Below are examples of the constructed
association rules and sequential patterns, along with
explanations of their underlying economic

significance.

Association Rule (Itemset) : {Women's Sneakers
Art. 403, g=5 cartons, p=4600 UAH/carton; Men's
Sneakers Art. 510, a=5 cartons, p=5200
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UAH/carton}—
p=15 UAH/pc}

{Insole Set "Comfort", g=100 pc.,
Economic Significance, the constructed rule
demonstrates a high Leverage (10) level, as the sale
of the cross-sell item is tied to a high-value primary
purchase, where the total transaction utility is: U(T) =
(5 -4600) + (5 -5200) + (100 -15) = 50500 UAH.
Association Rule (Product + Service):{Footwear
Order g > 1000 @pairs, Uu(T) > 500000 UAH}

—{Granting a Line of Credit, term 60 days}

Economic Significance, the constructed rule links
purchase volume with financial content (crediting),

serving as an example of payment terms

personalization based on rational justification

(volume ¢ and price p).

Sequential Pattern (Seasonality) : <Winter
At=2mos

Boots, g=20 cartons, p=6500 UAH/carton> ——>
<salt p=45
UAH/pc>

Economic Significance, the constructed pattern is
aimed at forecasting the demand for care products
based on a client's prior significant investment in the
winter assortment. A time lag of 2 months is applied
between transactions 7% and Tr

Protection Products, g=200 pc.,

Sequential Pattern (Forecasting): < (Request

for individual price for the "Spring 2026"

collection), (Receipt of technical
At<=14days

documentation) >——><Wholesale order

U (T)=150000UAH>

Economic Significance, the constructed pattern
links behavioral events (price requests) with a
transactional outcome. If events a (request for price
and documentation) occur, the probability of a high-
value transaction B taking place within 14 days is
maximized.

In conclusion, we consider the authors'
discussion proposals for enhancing content
personalization using the B2B e-commerce system
"Baza Obuvi" as a case study. Based on the results
of the data mining performed on transactional and
behavioral data, three key directions for content
personalization have been identified: product,
recommendation, and information-based.

For  product personalization (Wholesale
Bundles), the use of the Leverage metric Lesz (10)
allows the "Baza Obuvi" system module to
automatically generate content in the form of
"Wholesale Bundles." For instance, when a large
batch (more than 10 cartons) of "Mermaid" women's
footwear is ordered, the system offers the user a
personalized bundle with related accessories
(insoles, care products), where the price pi is
adjusted depending on the volume ¢i This
effectively transforms a standard product page into
an individual commercial offer

To generate recommendation content, sequential
forecasting patterns are utilized. Applying sequential
pattern analysis based on time lags (e.g., 2—3 months
between "Winter" and "Spring" season purchases)
enables the implementation of the Restock
Prediction analytical function. A typical scenario for
the "Baza Obuvi" system is as follows: if a client
triggers the event «Request for individual price
for a new leather footwear collection®» the system
generates recommendation content in the form of
technical documentation and certificates of
conformity based on the sequential pattern. This
accelerates the decision-making cycle for the
primary wholesale order.

Rationally justified information content is created
using metrics such as Lift L4z, which compares a
client’s basket with the patterns of clients within
their specific cluster. If competitors in a certain
region have already begun purchasing «rubber
Galoshes» and the current client has not, the system
automatically sends an analytical "missed
opportunity"” report, stimulating the purchase.
Furthermore, detecting behavioral anomalies, such
as a sharp decrease in the purchase volume of top
brands like "Baas" or "Bona", allows the system to
proactively modify the content on the client’s
homepage, offering individual cooperation terms to
prevent Churn.

Thus, the transition from frequency analysis to
utility analysis via the developed conceptual model
and the UP-Growth method allows a B2B system to
transform from a simple product catalog into an
intelligent assistant. This ensures the delivery of
proactive and rationally justified content that
directly impacts the profitability of both the supplier
"Baza Obuvi" and its wholesale clients.

VII. CONCLUSION

This article addresses the relevant scientific and
applied task of improving data mining for
transactional and behavioral data to enhance content
personalization efficiency within B2B e-commerce
systems. The main results of the research are as
follows:

1) A conceptual model for analyzing the
commercial activity of B2B clients has been
developed. Unlike existing approaches, it is based on
a three-level structure "Entities, Relationships,
Metrics". This model accounts not only for the
occurrence of an event but also for the rational
context of the transaction, the product of purchase
volume ¢ and individual price p, which is critical for
the wholesale segment.

2) An enhanced UP-Growth (Utility Pattern
Growth) method is proposed. It is based on a
transition from the frequency counters of the classical
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FP-Growth algorithm to the calculation of
transaction-weighted potential utility for tree nodes.
This shift allows for the reprioritization of association
rule generation, focusing the personalization system
on economically significant patterns that yield
maximum profit (High-Utility Itemsets).

3) Validation of the developed solutions was
conducted using the "Baza Obuvi" system. Practical
results demonstrated that the use of weighted
association rules transforms the B2B platform from a
passive product catalog into an active decision
support system. Proposed personalization scenarios
(e.g., Wholesale Bundles, "missed opportunity"”
analytical reports) ensure increased client loyalty and
optimization of the supplier's operational processes.

4) The use of sequential pattern analysis for
implementing predictive personalization functions,
such as Restock Prediction, has been justified. It was
established that accounting for the time lag between
transactions and the dynamics of behavioral
indicators allows for the automatic adaptation of
informational and recommendation content to the
individual procurement cycle of the business client.

In summary, the research establishes the
necessary theoretical foundation for transforming
B2B e-commerce systems from passive catalogs into
intelligent decision support systems, thereby
increasing client loyalty and the overall economic
efficiency of the platform.
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0. O. Apcipiii, JI. B. IBanos. Mojge/ib Ta MeTO/l iHTeJIEKTYAJIbHOI0 AHAJI3Y TPAH3aKUiHHO-NMOBEAIHKOBUX JaHUX
KJIEHTIB 17151 nepconaJtizauii B2B-koHTeHTy

3pocTanHs (hiHaHCOBOI 3HAUYIIOCTI Ta CTPYKTYPHOI CKIIaJHOCTI cerMeHTa puHKy B2B-cucrem enexkrponHoi koMepii, a
TaKOX HEOOXiTHICTh MIABUINEHHS WOTO €(QEeKTHBHOCTI 3YMOBHJIO aKTyaJbHICTH PO3POOKM MOZIEN Ta MeTona
IHTEJIEKTYaIbHOTO aHANII3y TPaH3aKIIIfHUX Ta MOBEIIHKOBHX JaHUX B2B-KIIi€HTIB 3 METOI MepcoHami3alii KOHTCHTY
cucTeM eNeKTpoHHOT koMepuii. [IpoaHanizoBaHO METO/IM IHTEIEKTYaIbHOIO aHaJ3y sIKi 0a3yIOThCSl Ha aTOpPUTMax Ta
cTpykTypax ganux Apriori, FP-Growth ta Eclat. BusHaueHo NUsIXu X yAOCKOHAJICHHS 100 aHai3y TPaH3aKI[IHHUX 1
MOBEeIiHKOBHX JaHux B2B-kiienTiB. Po3pobieHo KoHIeNTyajabHy MOAENb Ul aHalli3y KOMepIiiHoi akTuBHOCTI B2B-
KJIIEHTIB 3 ypaxyBaHHSM J00yTKY KUIbKOCTI TOBapy Ta iHaMBiayanbHOi 1iHM B2B-tpan3zaxuii. Po3pobieHo meron
po3poctanHs 1iHHicHUX maTepHiB UP-Growth (Utility Pattern Growth) 3 BHKOPHUCTaHHSM pPO3PaxyHKY 3BaXKCHOT
MiHHOCTI BY3JMiB JepeBa 3aMicTh YacTOTHHX JUYWIbHUKIB B FP-Growth. I[lokasano mpukimaanm moOymoBaHHX
aCOIIaTUBHMX TPaBMJI Ta IIOCIINOBHUX IIAOJIOHIB 3 IMOSCHEHHSIMH OTPHMAHOTO EKOHOMIYHOTo ceHCy. Po3risHyTo
BIUIMB OTPHMAaHHMX aCOLaTHBHMX IPAaBWJI Ta IOCIIOBHUX IMIA0JIOHIB Ha (OpMyBaHHS IIEPCOHATI30BAHOTO TOBapHOTO,
iH(pOpMAaIIHHOTO Ta peKOMEHIALIITHOr0 KOHTEHTY cucTeMu B2B enekrpoHHOT KoMepii.

KuiouoBi cjioBa: iHTeNEeKTyaJ bHUIA aHATI3 JaHUX; acoriatuBHi mpaBwia; Apriori; FP-Growth; Eclat; meTpuku sikocTi;
eJIeKTpoHHa KoMepItis; B2B-cuctemu; TpaH3akiliitHi Ta MOBEIIHKOBI TaHHI.
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