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ABSTRACT

Purpose: The study addresses the problem of predictive content personalization in business-to-business e-commerce systems,
where classical recommendation and segmentation approaches demonstrate limited effectiveness due to the financial heterogeneity,
cyclic purchasing behavior, and long-term nature of customer interactions. The purpose of the research is to develop a method for
classifying business-to-business customers based on a utility-weighted temporal customer profile, which makes it possible to generate
more relevant and timely predictive offers. Objectives: The proposed method is designed as the third stage of an analytical pipeline that
extends utility pattern mining and temporal analysis of stable purchasing cycles. Methods: At the first stage, financially significant
product patterns are identified using the Utility Pattern Growth approach. At the second stage, the temporal stability of repeated
purchases is assessed through inter-purchase time intervals and the coefficient of variation. At the third stage, the obtained pattern-level
results are aggregated into an integrated customer profile that combines the average purchasing cycle, cycle stability, and average
transaction value. These features are normalized and used for customer clustering, after which customer classes are integrated into the
mechanism for determining an individual communication trigger window. Results: The experimental validation was performed on
historical transactional and behavioral data from the business-to-business e-commerce platform “Baza Vzuttya” for the period from two
thousand twenty-two to two thousand twenty-five. The comparative experiment included four recommendation scenarios: a baseline
frequency-based approach, a utility-weighted approach, a utility-temporal approach, and an integrated approach with customer
classification. The results show a consistent increase in recommendation conversion from three point nine one percent in the baseline
scenario to fifteen point nine one percent in the integrated scenario. At the same time, the number of generated recommendations
decreased from nine hundred and twenty to two hundred and twenty, which indicates a reduction in irrelevant communications. The
integrated scenario achieved the highest average revenue per recommendation, amounting to six thousand nine hundred and nine point
zero nine hryvnias. Conclusions: The obtained results confirm that the proposed method improves the accuracy, timeliness, and
economic validity of personalized predictive offers in business-to-business e-commerce systems.
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INTRODUCTION rates [1], [2]. At the same time, an analysis of the
architectural solutions of modern e-commerce
systems shows that this growth is predominantly
extensive [1], [2]. It is ensured by scaling cloud
capacities and increasing communication-channel

The current stage in the development of global
and domestic digital business is characterized by
rapid and large-scale growth of the business-to-

business e-commerce segment (B2B e-commerce) bandwidth, whereas the analytical tools used for

[1], [2], [3]. Both globally and within the Ukrainian . <0 or interaction remain technologically limited
domestic market, the volumes of transactions 111, [2]

between enterprises through specialized digital

platforms demonstrate double-digit annual growth The main reason for this methodological gap is

that existing intelligent recommender systems and

content personalization algorithms [4], [5] deployed
on B2B platforms were historically developed and
optimized for the specifics of the mass retail
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market (B2C). Built on the principles of frequency
analysis, collaborative filtering [6], [7], and the
discovery of classical association rules and
sequential patterns [8], [9], these systems are
oriented  toward emotional,  high-frequency
purchases and averaged behavioral patterns of the
mass consumer. The direct transfer of B2C
technologies to the B2B segment ignores the
fundamental properties of business interaction: the
rationality of decision-making by counterparties, the
long customer life cycle, uneven cyclicality, and,
most importantly, the critical differentiation of
goods according to their financial utility for
enterprise turnover [3], [10], [11]. As a result,
classical recommendation modules demonstrate low
relevance and generate excessive information noise
(spamming) instead of providing accurate and timely
predictive offers for inventory replenishment. This
creates an urgent need to develop specialized data
mining methods adapted to the conditions of the
B2B segment [3], [12].

LITERATURE REVIEW AND PROBLEM
STATEMENT

Existing personalization tools in e-commerce
systems rely primarily on recommender systems,
association rule mining, and sequential pattern
mining. [6], [8], [9] However, their direct use in
B2B platforms is limited because B2B purchases are
rational, financially heterogeneous, cyclic, and
connected with long-term customer relationships.
Therefore, the application of classical FP-Growth
and related frequency-based methods [13], [14], [15]
leads to several methodological gaps: financial
blindness of binary models, combinatorial growth
under weighting, temporal blindness, identification
discreteness, and the absence of differentiated
customer interaction strategies [3], [12], [16].

To address these limitations, the authors
previously proposed a two-stage analytical pipeline
for mining transactional-behavioral B2B data [3],
[10], [11]. The first stage is based on a utility-
weighted transaction model and the UP-Growth
method. [17], [18], [19] In this model, a transaction
is treated not only as a set of items but also as a
carrier of financial value: the utility of an item is
calculated through its quantity and individual price,
while the transaction utility and Transaction-
Weighted Utilization (TWU) are used to identify
financially significant itemsets. This makes it
possible to select product patterns that are important
for business turnover rather than merely frequent
combinations.

The second stage is based on a temporal
sequence model and the UT-Growth method. [9],

[20], [21] For each financially significant pattern
and customer, the method analyzes the sequence of
purchase dates, inter-purchase time intervals, the
average purchase cycle, standard deviation, and the
coefficient of variation. If the purchase cycle is
sufficiently stable, the system determines an active
offer window and the communication trigger date in
advance of the expected repeat purchase. As a result,
the pipeline produces personalized triggers for
specific customers, product patterns, and time
windows.

Thus, compared with classical FP-Growth, the
UP-Growth and UT-Growth combination changes
both the criterion of significance and the nature of
the result. Frequency-based mining produces global
rules for an averaged customer, whereas the
proposed utility-weighted temporal  approach
produces individualized predictive offers based on
financial significance and temporal stability.
Nevertheless, the output of the two-stage pipeline
remains too atomic for managerial use, because it
describes separate customer-pattern triggers rather
than holistic customer profiles.

The traditional RFM model is widely used for
customer segmentation, but in the B2B context it
remains mainly retrospective. Recency fixes only the
time since the last transaction, Frequency counts
transactions without measuring the stability of
intervals, and Monetary reflects gross historical
revenue without identifying the structure of value-
generating product patterns. Therefore, the problem
is to move from static segmentation to dynamic
customer classification based on integrated
financial-temporal characteristics that can be directly
used in predictive content personalization.

In this context, the term utility has
methodological importance because it shifts the
analysis from the binary occurrence of an item to the
business value that the item creates inside a
transaction. For B2B platforms, two items with the
same frequency may have completely different
managerial relevance if their prices, ordered
guantities, and contribution to turnover differ
substantially. Therefore, the use of utility-oriented
pattern mining makes it possible to avoid
recommendations that are statistically frequent but
economically weak [22], [23], and to focus instead
on product combinations that are capable of
influencing revenue and replenishment decisions.

The temporal component is equally important
for B2B interaction. Unlike retail purchases,
business purchases are often connected with
production, resale, logistics, or planned inventory
replenishment. Consequently, the same product
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pattern may be useful only if the offer is generated
inside an appropriate time  window. A
recommendation created too early may be ignored,
whereas a recommendation created too late may lose
its practical value because the customer has already
replenished the stock or changed the supplier. For
this reason, inter-purchase intervals, cycle stability,
and the coefficient of variation become necessary
elements of the predictive logic rather than auxiliary
statistics.

However, even a utility-weighted and
temporally verified trigger remains a micro-level
analytical result. It answers the questions of what
product pattern should be offered to which customer
and approximately when, but it does not directly
describe the customer as a business entity. In
practice, a B2B platform needs to know whether a
counterparty is financially significant, whether its
purchasing behavior is stable, and whether
communication with this counterparty should be
more preventive or more conservative. This explains
the need to aggregate pattern-level results into an
integrated customer profile.

The proposed transition from a set of atomic
triggers to a utility-weighted temporal customer
profile also addresses the limitations of threshold-
based segmentation. [24], [25], [26] In classical
RFM analysis, segment boundaries are often defined
by expert rules or empirical quantiles, which may be
convenient for descriptive analytics but insufficient
for predictive personalization. In contrast, the profile
used in this study is built from the internal results of
the analytical pipeline itself: the average purchase
cycle reflects temporal behavior, the stability
indicator reflects predictability, and average
transaction value reflects financial capacity.

Thus, the problem statement is not reduced to
the selection of another clustering algorithm. The
central issue is the construction of features that are
meaningful for B2B personalization and compatible
with the previously obtained utility-temporal
triggers. [3], [10], [11] The classification method
must preserve the economic and temporal
interpretation of the pipeline output and convert it
into customer classes that can be used for managing
the communication trigger window. This provides
the logical basis for considering customer
classification as the third stage of the overall
predictive personalization pipeline.

THE AIM AND OBJECTIVES OF THE
RESEARCH

The aim of this study is to develop a method for
classifying B2B customers of e-commerce systems
based on a utility-weighted temporal customer

profile formed as a result of implementing a two-
stage pipeline for analyzing B2B customer
transactional-behavioral data. This made it possible
to implement a three-stage pipeline for generating
individual predictive offers depending on the
determined customer class and to increase the final
efficiency of predictive content personalization.

The research objectives are as follows:

—to conduct a systematic analysis of the
capabilities of the proposed two-stage pipeline for
generating personalized offers for B2B customers;

—to formalize the utility-weighted temporal
customer profile as a tuple of aggregate features;

—to formalize the main stages of the B2B
customer classification method, namely profile
feature normalization, B2B customer clustering, and
determining the size of the individual trigger
window by classes;

—to develop a B2B customer classification
method as an add-on to the two-stage analytical
pipeline;

—to conduct an experimental study of content
personalization efficiency in an e-commerce system
through the implementation of a three-stage pipeline
for generating individual predictive offers based on
the B2B customer classification method.

THE RESEARCH MATERIALS AND
METHODS

Based on the analysis of the authors' previous
works, it can be concluded that the use of the two-
stage pipeline made it possible to move from
abstract frequency-based relationships to the
generation of precise individual communication
triggers of the form [3], [10], [11]:

(Cj’ X, Ttrigger) (1)

where Tyigger IS the calculated moment in time
when the system must perform predictive content
personalization, for example, send an offer for
inventory replenishment.

However, the direct use of this tuple for
managing the interface and content of a B2B
platform has three critical practical disadvantages:

1. Extreme discreteness and atomicity of data.
The trigger tuple operates at the level of a separate
product/pattern X. Thus, for a large B2B customer,
the system generates a set of isolated triggers for
different  product groups, while platform
management cannot effectively interact with such
atomic data. Therefore, an integrated B2B customer
profile is required.

2. Strategic monotony. Due to the calculated
triggers, the e-commerce system knows when and
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what to offer, but it does not understand who it is
dealing with in a broader business context.
Segmentation of B2B customers using RFM analysis
does not provide effective models for forecasting.
This makes it impossible to differentiate service and
account for the loyalty context, for example, to
allocate priority delivery windows or special
interface display conditions for the VIP segment.

3. Rigidity of time boundaries. The value
Ttrigger 1S @ discrete point. If the customer's logistics
chain experiences a random shift of several days, the
system records an anomaly, which makes it
vulnerable to random disruptions. For flexible
communication management, it is necessary to move
from a trigger point to a dynamic expectation
window, the width of which should depend on the
customer's overall reliability class.

To overcome these disadvantages, it is
necessary to aggregate the set of atomic customer
triggers into a single utility-weighted temporal B2B
customer profile (UW-TCP). This means moving
from the micro-level of patterns to the macro-level
of the customer through the transformation of the
tuple of the following form: (C;, X, Trigger) —
(i;,CV;, U(T);). This process is considered in more
detail below.

Formalization of the utility-weighted
temporal customer profile. For each identified
customer C; that has a sequence of at least
min_dates stable transactions of at least one utility
pattern, an individual feature vector f; =
(@, CV;, U(T);) is formed. Only those patterns that,
according to the results of temporal verification,
were recognized as sufficiently regular are included
in this analysis, that is, they have a coefficient of
variation CV <y and can be used to generate
predictive triggers [27], [28], [29]. This means that
the customer profile is built not on the customer’s
entire order history but only on those product sets
for which stable temporal recurrence and economic
significance for the B2B platform have been
identified.

Each component of vector f; is aggregated over
all stable patterns of the customer. The indicator f;
characterizes the generalized average repeat-
purchase cycle of the customer, that is, it reflects the
typical time interval after which the customer returns
to purchasing significant product sets. The indicator
C_Vj describes the average level of stability of such
purchase cycles and makes it possible to distinguish
customers with regular behavior from customers
with more chaotic or situational orders.

The indicator U(T); reflects the average
financial capacity of the customer's transactions
associated with stable utility patterns and therefore
characterizes the customer's economic significance
for the platform. Thus, the formed vector f; is a
utility-weighted temporal profile of a B2B customer.
Unlike  classical  retrospective  segmentation
indicators, this profile combines three important
characteristics of purchase behavior: periodicity,
stability, and financial value.

Feature 1. The average purchase cycle f;
characterizes the typical duration between repeated
purchases of the customer's stable patterns and is
defined as follows [11]:

1
ftj = 7 Z ux, c), 2)

Jj *
XEP;

where P; is the set of stable utility patterns of
customer C;, that is, patterns for which CV(X, Cj) <
v, u(X, C;) is the average purchase cycle of itemset
X by customer C;.

The feature ji; reflects the customer's planning
horizon: a small value of f; (less than 30 days) is
typical of customers with frequent inventory
replenishment, whereas a large value of j; (more
than 90 days) is typical of seasonal or large
wholesale customers.

Feature 2. The average cycle stability CV;
characterizes the regularity of the customer's
purchase behavior and is defined as follows [27-29]:

1
o] Z cV(X,C), 3)

where CV(X, C;) is the coefficient of variation of the
intervals for pattern X and customer C;.

Since only patterns with CV < y are included in
the set /", the value CV; lies in the range [0;y]. A
customer with CV; approximately equal to zero
demonstrates strictly regular purchases, for example,
according to a production schedule, whereas a
customer with CV; close to gamma demonstrates a
moderately unstable cycle.

Feature 3. The average transaction value U(T) j

characterizes the customer's financial capacity and is
defined as follows [17], [19]:

__ 1 —
UM); = o ), UD,(G), (@

| J |XESD]’-‘
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where U(T);(X,C;) is the average value of a
transaction with pattern X for customer C;, U(T) is
the full transaction value.

Formalization of the main stages of the B2B
customer classification method. The values of the
three average features have fundamentally different
scales. Therefore, direct application of the k-means
clustering algorithm to features with different scales
leads to the dominance of the feature with the largest
absolute spread, for example U(T),, which distorts
the results. To eliminate this effect, Min-Max
Scaling is applied, whereby each feature is
transformed to the range [0;1] according to the
following expression, where values of i;, CV; and

U(T), are used as the function values:
fij —min; (f;)
max;(f;) — min;(f;)’
where f; ; Is the normalized value of the i-th feature
for customer C;, f;; is the original value, max;(f;)
and min;(f;) are the maximum and minimum values
of feature f; over the entire set of classified

customers.

After normalization, the formed feature matrix
F € R™3, where n is the number of customers
selected by the utility-weighted temporal pipeline, is
passed to the k-means clustering algorithm [25-26].

According to the algorithm, the total within-cluster
variance is minimized by the following expression:

K

fij= (5)

|2

I v
I=1CjeC

) (6)

where ] is the objective function (total within-cluster
inertia), K = 3 is the number of clusters, C; is the set
of customers belonging to the [-th cluster, v, is the
centroid of the [-th cluster, ||| is the Euclidean
distance in the normalized feature space.

As a result of clustering, each B2B customer in
the e-commerce system is assigned a value of
coefficient k of the previous section, which
determines the date of communication trigger
activation Tipigger- This value significantly affects
the date assigned to the predictive offer. According
to the developed two-stage analytical pipeline,
coefficient k was assigned experimentally and did
not depend on the B2B customer cluster.

After the clustering procedure, it becomes
possible to determine the width of the
communication trigger window window; in the
trigger activity verification formula more reasonably
according to the following expression:

window; = WINDOW X k;, (7)

where WINDOW is the width of the base trigger
window in days, k; is the coefficient assigned to
customer C; based on the determined class.

Identification of classes after the clustering
stage is performed automatically according to the
U(T) value of the centroid; that is, the cluster with
the highest U(T) value is recognized as the premium
class, while the cluster with the lowest value is
regarded as belonging to the economy class.

Development of the B2B customer
classification method. Considering the above
formalizations of obtaining the features of the
utility-weighted temporal profile of a B2B customer,
their normalization, as well as clustering and
identification procedures for classifying B2B
customers in order to integrate the results into the
communication trigger generation system, the stages
of the B2B customer classification method are
defined. The list of method stages is given in
Table 1.

It should be noted that the developed method
functions exclusively as an add-on to the UP-Growth
and UT-Growth methods proposed by the authors
and does not require any additional data. The new
features ji;, CV; and U(T),, which make up the
utility-weighted temporal profile of a B2B customer,
are aggregates of already available intermediate
results. This makes the B2B customer classification
method the third stage of the pipeline for generating
predictive offers for B2B customers. In this case,
one can speak of the computational efficiency and
architectural integrity of using this pipeline in an e-
commerce system.

The difference between the developed B2B
customer classification method and standard RFM
analysis is fundamental: instead of using
retrospective  indicators  (recency, frequency,
amount), a utility-weighted temporal profile of the
B2B customer is created based on the characteristics
of forecast cycle, stability, and financial capacity,
which is then used to determine customer classes for
their integration into the communication trigger
generation system [24], [30].

This provides a meaningful link between the
customer class and the interaction strategy through a
mathematically substantiated assignment of the
trigger window width according to customer value,
rather than through a subjective definition of
segmentation thresholds as in standard RFM
analysis.

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)

Information technology in socio-economic,
organizational and technical systems

421



Avrsirii O. O., Cudecka-Purina Natalija, Ivanov D. V., Rudenko O. V.

/ Herald of Advanced Information Technology
2026; Vol.9 No.3: 417-428

Table 1. Description of the stages of the B2B customer classification method

Step Action description Input data Result
Obtaining a list of personalized triggers of the | UT-Growth results *

1 Set ;" for each customer C;
form (Cj: X' Ttrigger) (CV < Y) / !
Calculating features according to expressions | P;", values of u, CV, .

2 J Feature matrix F € R™*3
2)-(4) and U(T) eature matrix

3 |Normalization according to expression (5) F Normalized matrix F

4 k-means clustering according to expression (5), i Cluster labels for each
K=3 customer C;

5 [Cluster identification by centroid values U(T) | Cluster centroids glasses: Premium / Standard /

conomy

6 !Deter_n)lnmg the coefficient k; according to the Cluster labels Dictionary C; - k;
identified class

7 Calculgtmg the W|dtt_1 of the individual window k. WINDOW  |window: for each customer
according to expression (7) J J

8 Cr_\ecklng trigger activity with the individual Tyaser 11 window, |Final list of predictive offers
window;

Source: compiled by the authors

RESULTS OF THE RESEARCH AND THEIR
DISCUSSION

The proposed B2B customer classification
method was experimentally evaluated as the third
component of the utility-weighted temporal pipeline
for predictive offer generation. The study used
historical transactional-behavioral data from the
«Baza Vzuttya» B2B e-commerce platform for
2022-2025. The dataset contained 106,378 product-
item rows corresponding to 29,352 B2B orders,
2,525 customers, 56,197 unique SKUs, and a total
order amount of UAH 416,277,239.52. By year, the
dataset included 7,666 orders in 2022, 8,326 in
2023, 7,587 in 2024, and 5,773 in 2025. The

temporal distribution of order amounts is shown in
Fig. 1.

At the order level, the average transaction
amount was UAH 14,182.24, the median amount
was UAH 7,320.00, the average number of SKUs
per order was 3.62, the median was 2 SKUs, and the
maximum number of SKUs in one wholesale order
was 252. Before the experiments, the data were
cleaned, unified by type, transformed from order
lines into transactions, grouped into customer
histories, filtered for excessively long transactions,
and chronologically ordered. A time-based split was
then applied in an 8:2 ratio: the training sample
contained 22,826 orders and the test sample
contained 5,707 orders.

Heat Map of B2B Order Amounts by Year and Month

2022

2023

Year

2024

2025

Jan Feb May Jun

Month

O ENEEEE D O E

Jul

HEODDEE B @

Order amount, million UAH

D EEE DD E @

Aug Sep oct Nov Dec

Fig. 1. Heat map of B2B order amounts by years and months, million UAH
Source: compiled by the authors
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Recommendation effectiveness was evaluated
by a compact metric system that combined
behavioral ~and  economic  indicators. A
recommendation was considered successful if the
corresponding customer purchased the
recommended product set or its relevant part within
the test horizon. The evaluation included
recommendation conversion, covered revenue,
average revenue per recommendation, the share of
covered test transactions, and the share of covered
test revenue.

The comparative experiment included four
scenarios. Scenario S, represented a baseline
frequency-based approach, where recommendations
were formed only from frequent itemsets. Scenario
S, added the financial weight of product patterns.
Scenario S, additionally verified temporal
recurrence of purchases. Scenario S; implemented
the full integrated approach, in which the
communication window was adapted according to
the B2B customer class determined from the utility-
weighted temporal profile. Together, these scenarios
provide a step-by-step comparison of the baseline,
utility-weighted, temporal, and fully integrated
recommendation logic.

The experimental results confirm the
cumulative effect of the proposed pipeline
components.

The baseline scenario S, generated the largest
number of recommendations (920), but its
conversion rate was only 3.91 %, which indicates
the limitations of purely frequency-based association
logic in B2B personalization. Scenario S; reduced
the number of recommendations to 760 and
increased conversion to 5.39 %, confirming the
importance of utility weighting for selecting
economically significant product patterns. Scenario
S, reduced the recommendation set to 260 but
increased conversion to 12.69 %, showing that
temporal verification acts as a strong quality filter
and improves the timing of predictive offers.

The best result was achieved by the integrated
scenario S5. It generated 220 recommendations, of
which 35 were successful; conversion reached 15.91
%, and the average revenue per recommendation
was UAH 6,909.09. Compared with S,, the number
of recommendations decreased by 700, while the
number of successful interactions remained almost
unchanged. This means that the proposed approach
reduces irrelevant customer contacts and manager
workload  while  preserving the  practical
effectiveness of communication (Fig. 2).

Figure 2 shows that the largest conversion gain
iS obtained after the inclusion of temporal

verification, while customer classification provides
an additional improvement by adapting the
communication window to the customer type.
Overall, the results demonstrate that predictive offer
effectiveness in B2B e-commerce depends on the
joint use of frequency relations, financial
significance, purchase-cycle stability, and customer
class.

From a practical standpoint, scenario S3 is the
most appropriate for implementation in a B2B
platform. It focuses not on the maximum number of
recommendations but on a smaller and more relevant
set of predictive offers. Therefore, the proposed
classification method is not only an analytical add-
on to UP-Growth and UT-Growth, but also a
practical tool for reducing communication noise and
increasing the economic return of personalized
content.

The preprocessing stage was important because
the initial dataset was not a ready transaction matrix.
Each order could include several product rows, and
therefore the analytical representation had to be
reconstructed at the transaction level. This made it
possible to calculate the financial contribution of
each product item, form product sets for pattern
mining, and preserve the chronological order of
customer behavior. The time-based split was used
instead of a random split because predictive offers
must be validated against future purchases rather
than against randomly selected past observations.

The yearly distribution of orders also shows
that the dataset is sufficiently heterogeneous to test
the proposed approach. The platform includes
customers with different purchase volumes, different
numbers of ordered SKUs, and different degrees of
regularity. This heterogeneity is typical for B2B
commerce and is one of the reasons why a single
global recommendation rule is insufficient. The
same association may have different practical value
for different customer groups, especially when
purchase cycles and order amounts vary
significantly.

The selected metrics were intended to reflect
not only prediction accuracy but also business
usefulness. [5], [6] Recommendation conversion
shows whether a generated offer is confirmed by
future behavior, whereas covered revenue and
average revenue per recommendation show whether
the recommendation is economically meaningful.
This is essential for B2B platforms because a
recommendation system that produces many
formally correct but low-value offers may increase
informational noise without improving business
performance.
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The comparison of S, and S; demonstrates the
effect of adding financial utility to the mining
procedure. [17], [18], [19] The number of
recommendations becomes smaller, but the system
begins to prioritize product combinations that
contribute more to turnover. This result supports the
assumption that frequency alone is not sufficient
criterion for B2B personalization. In wholesale
transactions, a less frequent product pattern may be
more important than a frequent one if it is associated
with higher order value or strategically significant
stock replenishment.

The transition from S; to S, produced the
largest conversion increase, which confirms the
methodological role of temporal verification. [9],
[20], [21]. This result means that many economically
significant patterns are not necessarily useful at
every moment. Their recommendation value
depends on the expected phase of the customer
purchase cycle. By filtering patterns through inter-
purchase stability, the system excludes cases where
the customer behavior is too irregular for reliable
trigger activation.
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The additional improvement achieved in S; is
smaller than the improvement obtained after
temporal verification, but it has important practical
meaning. Customer classification does not replace
product pattern and time-window analysis; rather, it
adjusts the communication strategy according to the
overall customer profile. Premium, standard, and
economy classes can be used to assign different

trigger-window widths and different levels of
preventive communication, which makes the
recommendation process more flexible for

managerial use.

Therefore, the experimental results show that
the proposed method improves the quality of
personalization through selectivity rather than
through increasing the number of offers generated.
In applied B2B conditions, this is a desirable effect
because every unnecessary contact with a customer
consumes managerial resources and may reduce
customer loyalty. The integrated scenario preserves
almost the same number of successful interactions as
the baseline scenario while generating far fewer
recommendations, which demonstrates the practical
advantage of the utility-weighted temporal profile
for decision support.

CONCLUSIONS

The article develops a method for classifying
B2B customers based on a utility-weighted temporal
profile for generating individual predictive offers in
e-commerce systems. The proposed method is the
third stage of the analytical pipeline, complementing
utility-weighted analysis of product patterns and
temporal verification of the stability of purchase
cycles.

A utility-weighted temporal profile of a B2B
customer has been formalized, combining three key
characteristics of purchase behavior: the average
repeat-purchase cycle, cycle stability, and the
average financial capacity of transactions. Unlike
standard RFM analysis, the proposed approach is
oriented not toward a retrospective description of the
customer but toward supporting the predictive
generation of offers while accounting for regularity,
economic significance, and the expected moment of
repeat purchase.

A sequence of stages of the B2B customer
classification method has been developed, including
aggregation of UP-Growth and UT-Growth results,

normalization of profile features, customer
clustering, class identification, and determination of
an individual communication window for generating
predictive offers. This makes it possible to connect
the customer class with the interaction strategy not
through subjectively specified thresholds, but
through mathematically substantiated characteristics
of the customer's purchase behavior.

Experimental verification using data from the
B2B platform «Baza Vzuttya» for 2022-2025
confirmed the effectiveness of the proposed
approach. The comparison of four scenarios showed
a consistent increase in recommendation conversion:
from 3.91 % in the baseline frequency-based
scenario to 5.39 % in the utility-weighted scenario,
12.69 % in the utility-temporal scenario, and 15.91
% in the integrated scenario with customer class
considered. At the same time, the number of
recommendations generated decreased from 920 to
220, that is, by 76.09 %, indicating a substantial
reduction in irrelevant contacts.

The best result was obtained for the integrated
scenario, which generated 220 recommendations, 35
of which were successful, ensured an average
revenue per recommendation of UAH 6,909.09, and
covered test revenue of UAH 1,520,000.00.
Compared with the baseline scenario, the number of
recommendations decreased substantially, while the
number of successful interactions remained almost
unchanged. This confirms that the proposed method
improves not only recommendation accuracy but
also the practical value of each communication
contact with a B2B customer.

Thus, the conducted study confirms the
expediency of using a utility-weighted temporal
profile for classifying B2B customers and generating
predictive offers. The proposed approach makes it
possible to transition from mass frequency-based
recommendation generation to more accurate,
timely, and economically substantiated management
of personalized content in B2B e-commerce
systems.

Thus, the conducted study creates the necessary
theoretical foundation for transforming B2B e-
commerce systems from passive catalogs into
intelligent  decision-support  systems, thereby
increasing customer loyalty and the economic
efficiency of the platform.
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AHOTAIIIS

Meta: JlocmipkeHHS MPUCBAYCHO BHPILICHHIO NPOOJIEMH MPEIUKAaTUBHOI IEepcoHali3alii KOHTEHTY B CHCTEMaX eJIeKTPOHHOI
KoMepIii business-to-business, Jie KITacCH4IHI peKOMEH/IAIIiHI Ta CErMEHTAIIIHHI i IX01 JEMOHCTPYIOTh OOMEXeHY e()eKTUBHICTD Yepe3
(iHaHCOBY HEOAHOPIOHICTh, LHUKIIYHY 3aKyHiBENbHY IMOBEIIHKY Ta IOBIOTPUBAJIMH XapakTep B3aeMoAii 3 KIi€HTaMH. MeToro
JIOCITI/DKEHHS € po3po0ka MeToy Kiacudikamii business-t0-business KIi€HTIB Ha OCHOBI I[IHHICHO-3BOKEHOTO TEMITOPATBEHOTO MPOQLITIO
KJIi€HTa, IO J03BOJISIE (OpMyBaTH OUIHII peeBaHTHI Ta CBOEYACHI NPEAMKATHBHI NMPONO3MILi. 3aBmaHHs: 3anporoHOBaHUH METO.
PO3IIISIIAEThCS K TPETid eTanm aHaJiTHYHOTO KOHBEEpa, SKUH MJOMOBHIOE IOLITYK LIHHICHUX MATEpHIB 1 TeMIOpaJIbHUN aHami3
CTaOUTHHUX 3aKymiBenbHuX MUKIiB. MeToau: Ha neprmomy erami (iHaHCOBO 3HAYYINi TOBApHI ITaTepHH BU3HAYAIOTHCS 32 JOTIOMOTOI0
mimgxomy Utility Pattern Growth. Ha nmpyromy erami TemmopaibHa CTaOUIBHICTh TMOBTOPHHMX 3aKyIiBeJdb OLUHIOETHCS HA OCHOBI
MDK3aKyIiBeNnbHUX iHTepBamiB 1 KoedilienTa Bapiarii. Ha TperboMy eTami OTpuMaHi pe3yibTaTH PiBHS MATEPHIB arperyioThCsl B
IHTErpOBaHMI IPOQITE KII€HTa, IKUH MOEIHYE CepeRHii 3aKyiBEeIbHIN UK, CTA0UIBHICT IUKILY Ta CEPEeIHIO BapTicTh Tpan3akmil. L1i
O3HAaKH HOPMATI3YIOThCS Ta BUKOPUCTOBYIOTBCS IJIsI KJIACTEPH3aLli KIIEHTIB, MIiCIA YOrO BH3HAUCHI KJIACH KIIEHTIB IHTETPYIOTHCS B
MEXaHi3M BHU3HAUCHHS IHAWBINYaJIbHOTO BiKHAa KOMYHIKaliiHOTO Tpurepa. PesyabraTn: ExcriepuMeHTanbHY IepeBipKy BHKOHAHO Ha
ICTOPMYHHUX TpaH3aKLiHO-IIOBEIHKOBHX AaHNX business-t0-business miathopmu enexrpoHHoi kKomepiii «ba3a B3yTTs» 3a mepiox 3 1Bi
TUCAYl ABAAILTH IPYroro A0 [Bi THCSAYl OBAAUATH I'ATOTO POKy. [IOpiBHAJBHUNA EKCHEPHMEHT OXOIUTIOBAB YOTHPH CIEHApii
(hopMyBaHHS peKOMEHIAIlN: 0A30BUIA YACTOTHHUHN TMiIXiJ1, IIIHHICHO-3BKCHUH IMiJIX1]1, IHHICHO-TEMIIOPATBHU MiIXi]] Ta IHTerpOBaHUI
miaxiz i3 Kracuikamiero KIeHTiB. Pe3ynapTaTi 3acBIIYMIN MOCTIZOBHE 3POCTaHHS KOHBEPCii PEKOMEHAAIIN 3 TPH LUTHX JIEB’STHOCTO
OJTHa COTa BiICOTKa y 0a30BOMY CLIeHapii 0 I ITHAAUATH LUINX JEB’STHOCTO OJIHA COTA BiJICOTKA B IHTEIPOBaHOMY CIieHapii. BogHouac
KUTBKICTh C)OPMOBAHMX PEKOMEHIAIH 3MEHIIMIAcs 3 JEB’SITCOT ABAIUSATH JIO JBOXCOT JABAILTH, IO CBIMYUTH NPO CKOPOYEHHS
HepeJIeBaHTHUX KOMYHiKamiil. [HTerpoBanmii cieHapiii 3abe3neynB HailBHIIIE 3HAUYEHHS CepeIHbO1 BUPYUKU HA OJHY PEKOMEH/IAIII0, SKEe
CTQHOBWJIO IIICTH THUCSY IEB’SITCOT JEB’SITh LUIMX JEB’STh COTHX IpuBHI. BumcHoBKH: OTpuMmaHi pe3ynbTaTd MiATBEpKYIOTH, IO
3alIPOIIOHOBAHUI METOJ| Mi/BHIILY€E TOYHICTb, CBOEYACHICTH Ta EKOHOMIUHY OOIPYHTOBAHICTH IEPCOHANI30BAHHUX IPEIUKATUBHUX
MPOTIO3HIIH Yy business-t0-business cucremMax eneKTpOHHOT KOMEpLIii.

KmrouoBi cooBa: iHTenexTyanpHMH aHami3 jgaHuxX; B2B-cucremm enekTpoHHOiI KoMepmii; MeToaM Kiachgikamil;
MepCOHATi3aIlisl KOHTEHTY; PeKOMEHIAIHI CHCTEMH; TPaH3aKIi{HO-TIOBEJIHKOBI 1aH1
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