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ABSTRACT

This paper presents a comprehensive approach to developing a dynamic product pricing algorithm that integrates RFM (Recency,
Frequency, Monetary) customer segmentation strategy with machine learning methods. The research addresses the critical challenge of
personalizing pricing strategies for different user cohorts in competitive retail environments, particularly for supermarkets and online
marketplaces. The study extends the classical RFM model by incorporating price elasticity of demand coefficients to create a cohort-
based pricing framework. Using the K-Nearest Neighbors (KNN) algorithm, the authors developed an automated classification system
that accurately segments customers based on their behavioral characteristics, achieving 100% classification accuracy for repeat purchas-
ers. The methodology comprises five key stages: data collection and preprocessing, RFM score calculation using a quartile-based rank-
ing, customer segmentation into five distinct groups (Champions, Loyal Users, Potential Loyalists, At-Risk, and Lost), training a ma-
chine learning model for segment prediction, and cohort formation based on the timing of the first purchase. The research implements a
pricing algorithm that selectively applies discounts to target segments (“Potential Loyalists” and “At Risk” customers) who demonstrate
inelastic demand and have maintained activity for at least six months. Experimental results demonstrate that strategic discount applica-
tion not only reduces customer churn but also increases overall revenue through enhanced purchase volume. The proposed framework,
implemented in the R programming language within the RStudio environment, provides businesses with a data-driven decision support
tool for optimizing personalized pricing strategies while maintaining profitability. This approach enables companies to balance customer
retention efforts with revenue maximization by utilizing sophisticated behavioral analytics and predictive modeling.
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INTRODUCTION

In the current digital era, where competition

and the monetary value (Monetary) [1]. Combining
this approach with machine learning methods opens
up the possibility of creating a flexible pricing

between companies for consumer attention is lorithm tailored & ifi horts. Thi
constantly increasing, effective customer 290N rr? ?' orle oblspem tl)cttuser ;0 :)r 3 'i
relationship  management and  personalized arf)proacd n(} g.?fy enaples a be %r unlers allr mgfo
interaction strategies are gaining significant the needs of different segments but also allows for

attention. The use of data analytics and the latest
technologies, in particular machine learning, opens
up new horizons for improving business processes,
especially in the field of pricing. In such conditions,
it is essential to develop an approach that allows not
only to analyze customer behavior but also to adapt
pricing policies in accordance with their
characteristics.

In this context, the RFM strategy is relevant,
which allows for segmenting customers according to
three key criteria: the recency of the last purchase
(Recency), the frequency of purchases (Frequency),
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adapting sales strategies, thereby increasing the
overall revenue of the business.

Thus, the development of a dynamic pricing
algorithm based on RFM analysis and machine
learning is not only theoretically important but also
has practical significance for supermarkets,
marketplaces, and other platforms that work with
large amounts of customer data [2]. This approach
enables informed pricing decisions, increases
customer satisfaction, and enhances the overall
efficiency of the business model.

Dynamic pricing is the process of flexibly
adjusting prices in response to changes in demand or
other factors. This approach is widely used in
industries where demand fluctuates significantly
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over time, such as hotels and airlines, where prices
increase during peak times and decrease during off-
peak hours. Businesses can also use dynamic pricing
to encourage sales during off-peak times, such as by
offering early bird discounts at restaurants.

A strategy that takes into account the price
elasticity of demand has a special place in the
pricing system. With this strategy, it is possible to
adjust the price formation according to the extent to
which a price change will affect sales volume [3]. At
the same time, many approaches include a restricted
pricing strategy for customer segments, but do not
propose an individual approach for different cohorts
and personalized valuable propositions. This paper
fills this gap.

The paper aims to develop a product pricing
algorithm utilizing the RFM strategy for user
cohorts, employing machine learning methods.

The structure of the paper is as follows: sect. 2
includes a literature review, sect. 3 describes RFM
analysis, sect. 4 considers machine learning models
for classifying user segments, sect. 5 investigates
RFM analysis and ML model for user cohorts, sect.
6 proposes a cohort pricing algorithm and revenue
discounts for users. The last section concludes.

RELATED WORKS

Developing accurate, personalized models
requires collecting data that contains information
about alternatives, context, customer characteristics,
and customer behavior over time. The model has
two types of personalization: preferences and price
sensitivity at the individual-context level. Price
sensitivity may differ, for example, depending on the
contents of the consumer's basket, the day of
delivery, or the customer's preferred time slot [4].

Recency, Frequency, Monetary analysis is a
powerful marketing database technique widely used
to rank customers based on their previous purchase
history [5]. Using repeat purchase behavior based on
the RFM model for customer classification and
segmentation is a key area of retail research. This
approach enables the identification of patterns in
customer behavior by analyzing data on their
transactions [6].

The customer segmentation model, based on the
RFM (Recency, Frequency, and Monetary) model
and utilizing the hierarchical Formal Concept
Analysis (FCA) approach, enables the identification
of not only customer segments but also the
relationships  between customer data in a
comprehensible form [7].

Exploratory data analysis and pre-processing
include [7]:

— ldentification and collection of customer
transaction data containing information on invoice
number, product code, description, quantity, invoice
date, price, customer 1D, and country.

— Data cleansing includes removing missing
values, canceled transactions (e.g., invoices starting
with the letter 'c’), and transactions with zero or
negative values.

— Calculation of RFM values: Three key
variables are calculated for each unique customer:
Recency: the number of days since the customer's
last purchase; Frequency: the total number of
purchases made by the customer; Monetary: the total
amount of money spent by the customer in the store.
Monetary value requires creating an aggregate
variable, Total, by multiplying Quantity by Price for
each transaction and then summing these values for
each customer.

— RFM scores: the quintile method is used. This
process enables the calculation of RFM scores for
each customer, which serves as the basis for further
developing a knowledge structure.

When segmenting customers, the monetary
score is often the most important variable for
dividing customers into groups.

We need to integrate an additional Diversity
parameter into the classic RFM model to enhance
customer analysis and predict customer responses.
The Diversity parameter measures the number of
different products purchased by a particular
customer during the period under study. The
Diversity parameter is introduced to identify
customers who are open to new product offerings
and are willing to test new products without
hesitation, regardless of their overall budget. Such
customers tend to have a high probability of
purchasing the company's new products [8]. The
RFM-D model aims to enhance the accuracy of
customer behavior forecasting, enabling companies
to predict which customers are likely to respond
positively to new offers.

Segmentation using the RFM-D model yields
better accuracy in predicting customers who are
likely to respond positively to new offers compared
to the classic RFM model. The "Variety" parameter
helps identify customers who are "accustomed to
shopping" and like to test new products.

Machine learning algorithms such as k-means
and hierarchical clustering are used to identify
customer segments. In the study, the k-means
clustering algorithm was employed to construct
consumer profiles, and the optimal number of
clusters was identified using the elbow and
silhouette coefficient methods [9]. The k-means
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clustering based on a data-driven approach is used to
characterize organizational identification using
machine learning [10]. The optimal number of
clusters is determined using the elbow method and
silhouette scores [11]. After clustering the RFM-D
model, a different number of clusters is generated
compared to the classical RFM model. The RFM-D
model shows a strong correlation between
"Diversity” and "Frequency" / "Monetary value",
which improves the analysis compared to the classic
RFM model [8].

Fuzzy C-Means clustering allows a particular
data point to belong to more than one cluster, which
can be an advantage for large and similar datasets, as
it increases the chances of customer retention by
offering different offers for each segment [5].

After clustering, the behavior of each cluster is
analyzed to identify groups of customers that
generate the most profit for the company. A detailed
analysis of these clusters helps to identify target
customers and provide them with appropriate
promotions and offers.

Segmentation of customers deepens
relationships with them and enables the company to
tailor its marketing strategies to individual
customers based on their purchasing behavior.
Retaining existing customers is considered more
important than attracting new ones.

Research [9] develops a framework based on
large language models (LLMs) for clustering and
analyzing consumer survey data to study the
effectiveness of LLMs in marketing research. Based
on natural language processing (NLP) principles, the
method converts aggregated text responses into
vector representations that can then be subjected to
clustering algorithms to generate refined consumer
profiles. LLMs improve clustering accuracy
compared to traditional models. Chatbots created
using LLMs have achieved over 89% accuracy in
simulating consumer preferences [9].

Machine learning methods are used to classify
customers into different segments using a specially
designed multilayer perceptron (MLP), as well as
support vector machine (SVM) and decision tree
(DTC) classification methods. Empirical analysis
has shown that eight transactions are sufficient to
classify a customer [6] accurately.

The Lifetime value (LTV) metric is used to
compare the value of different customer segments
[6]. LTV is a representative value for each customer,
based on which the business determines its customer
outreach strategies. The distribution of all RFM
features characterizes the cluster with the highest

LTV. The cluster with the lowest LTV usually has
low or medium RFM values.

Development of targeted marketing strategies
and recommendations means [7]: Companies should
reward high-value customers, maintain close
relationships, and promote new products and the
brand; For customers at risk of losing them,
understand the reasons for their inactivity and take
measures to retain them; For customers with average
frequency and sales, offer promotions and
recommend products for cross-selling to increase the
volume of purchases; Offer special offers for new or
less active customers to increase frequency and
purchases.

Tailored strategies enable luxury brands to
develop more targeted and effective marketing
approaches, taking into account the diverse
motivations of each customer segment in the
dynamic NFT market. The study allows us to
identify clear customer segments in the luxury NFT
market that differ in their characteristics and
behavior [11].

Using RL, such as Q-Learning and Deep Q-
Networks, to modify real-time interaction techniques
is one of the most recent methods. Although these
techniques are already being actively employed in
other fields, such as robotics, their potential for
marketing segmentation is expanding. This field's
research demonstrates how to apply reinforcement
methods to identify the most effective ways to
communicate with customers in dynamic market
environments [12]. Employing such flexible
methods enables companies to focus on their
customers' evolving requirements and preferences
while also optimizing marketing techniques.

For customer segmentation in this research, we
combine RFM analysis with ML techniques, which
yields more precise and adaptable segmentation
outcomes than conventional technigques. The primary
objective is to apply an advanced segmentation
technique that considers consumers' demographic
and behavioral traits, utilizing ML training to
classify further and refine marketing strategies, and
provide customized offers to clients. The process
involves multiple steps that combine contemporary
ML techniques with traditional data analysis
methodologies.

RFM STRATEGY AS A TOOL FOR
FORMING USER COHORTS

In the current business environment, where
competition is increasing and consumers expect a
more personalized approach, segmentation and user
cohort formation are becoming indispensable tools
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for effective personalized pricing. Understanding the
diversity of customer behavior enables companies to
tailor their pricing strategies, thereby enhancing
customer satisfaction and boosting revenue [13].

For companies to effectively interact with their
audience, it is essential not to view the customer
base as a homogeneous set, but to segment it into
distinct groups based on specific criteria. This
approach enables a deeper understanding of the
needs, motivations, and behaviors of different
consumer types, allowing for the formation of
personalized communication and pricing strategies
[14].

One of the most effective tools for achieving
this level of customer understanding is segmentation
[15, 16]. Segmentation is the process of dividing a
customer base into segments based on shared
characteristics or behavioral traits. The basic
principles of segmentation [17] include (Fig. 1):

o Demographic: age, gender, income, and
education.

o Geographic: country, region, city.

e Psychographic: values, interests, lifestyle.

o Behavioral: purchase frequency, loyalty,
reaction to discounts.
e Socio-economic: education, employment,

income level.
These principles enable businesses to gain a
deeper understanding of their customers and

effectively target marketing campaigns
Psychographic principle
Socio-economic
principle

Geographic principle

Principles of

Market segmentation

Demographic principle
Behavioral principle

Fig. 1. Principles of market segmentation
Source: compiled by the authors

Performing RFM analysis manually is
extremely time-consuming and inefficient. Thanks
to this tool, companies can quickly determine which
customers it is advisable to direct resources to, and
which ones should be temporarily excluded from
active interaction, since they do not bring the
expected profit. The results of the RFM analysis
enable us to understand how to best interact with
each customer segment. For example, users who
have recently made their first purchase with a high
check have the potential to become regular
customers. To increase the likelihood of this, send
them personalized messages via email, SMS, or

chatbot with an offer that emphasizes the value of
the brand and the benefits of further cooperation.

Conducting an RFM analysis includes 5 key
steps [17].

1. Data collection: The initial step is to collect
information about customer transactions. This
includes key parameters such as purchase dates,
quantity, and cost of each purchase.

2. Determining Recency, Frequency, and
Monetary values for each user. We calculate the
recency (subtract the value of the last purchase of a
specific customer from the last value in the selected
time interval), frequency (find the total number of
purchases made by the user during the selected
period), and monetary value (determine the amount
of customer spending over a specific time interval).

3. Customer Scoring. At this stage, each
customer is given a rating score for each RFM value.
Typically, a five-point scale is used, with 5
indicating the most desirable user behavior and 1
indicating the least active customer.

4. Segmentation of the customer base. The
obtained scores for each parameter are analyzed to
classify customers into segments. Different
combinations of RFM values enable the strategic
highlighting of key customer groups. At this stage, it
is essential to consider the specific details of the
business to ensure an accurate interpretation of the
data. One method of forming segments based on
previously obtained estimates involves determining
the sum of each RFM value, followed by the
definition of user groups.

5. Developing personalized marketing
strategies. The final stage involves creating targeted
marketing approaches for each user segment.
Communication, offers, and discounts should meet
the needs and motivations of a specific consumer
group.

Typical customer segments and engagement
strategies are defined in Table 1.

In addition to the classic RFM analysis, there
are its modifications that can take into account
different business specifics. Additionally, one of the
following steps after conducting RFM segmentation
is to form user cohorts based on the resulting
segments. This allows us to group customers not
only by behavioral indicators but also by periods,
which enables a deeper analysis of their behavior
and the adaptation of marketing strategies.

A cohort is a group of users who share a com-
mon characteristic, typically associated with a spe-
cific event that occurred during a particular period,
such as the date of their first purchase or
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Table 1. Typical customer segments and
engagement strategies

Segment Segment Method of
name description promotion
Champions | The most active Exclusive offers,
and profitable priority access to
customers are new products, and
those who have personalized
recently made communication
purchases, make
them regularly,
and spend
significant
amounts
Loyal Make purchases Maintain good
users regularly and relationships by
demonstrate forming loyalty
consistent programs, offering
behavior, although | cross-selling and
their average bonuses for
check or the recommending
recency of their friends, so that with
last purchase may | proper attention,
be lower than that | they can turn into
of champions champions
Potential May be new Adaptive
loyalists customers or those | communications: a
who have made series of greeting
only a few cards, discounts for
purchases, but for | second purchases,
a reasonably large | informational
amount. Their materials about the
order frequency is | product or service
low, but they have | that will help
the potential to increase brand trust
become loyal
customers
Clients at Buyers who To reactivate them,
risk previously use personalized
demonstrated reminders, repeated
stable activity and | offers, and surveys
could even spend to identify reasons
significant for the decreased
amounts, but have | interest, and create
not made any time-limited
purchases recently | promotions that
encourage a return
Lost Users who have it is More expedient
customers | not made for companies not to

purchases for a
long time and do
not show any
activity (casual
buyers, tourists)

waste resources on
them, but to focus

on maintaining more

promising segments

registration. Unlike segmentation, which can be
dynamic and change over time, cohorts are fixed

Source: compiled by the authors

groups that allow for the tracking of changes in
customer behavior over a specific period.

The primary difference between a segment and
a cohort is that a segment is a group of users defined
by specific characteristics that can change over time
(e.g., age, income, behavior). In contrast, a cohort is
a group formed based on an event that occurred at a
particular point in time and remains unchanged.

Thus, RFM segmentation and cohort formation
allow businesses to more accurately analyze
customer behavior, evaluate the effectiveness of
marketing activities, and develop personalized
strategies for interacting within different user groups

(31

MACHINE LEARNING MODELS FOR
CLASSIFYING USER SEGMENTS

The next step after conducting RFM analysis is
the need for automated segmentation for new
customers. Machine learning models, such as
logistic regression, the KNN (k-Nearest Neighbors)
algorithm, and decision trees, can effectively solve
this problem. The choice of parameter k plays a
crucial role in the model's accuracy. If k is too small,
the model may be too sensitive to noise, while if k is
too large, its ability to detect meaningful patterns
may be reduced, leading to overfitting [18].

There are three main statistical approaches to
determining the optimal value of k: cross-validation,
the elbow method, and avoiding odd values in
classification problems to prevent situations where
neighbors with the same number of votes belong to
different classes, which can complicate the final
decision.

Decision tree regression is a ML method used
to build predictive models. Its essence lies in the
hierarchical division of the input space into subsets
based on criteria, determined by the feature values.
During the model-building process, a tree is created,
where the internal nodes correspond to the data
partitioning conditions, and the leaf nodes contain
the predicted numerical values. This approach
provides high interpretability of the results and
allows modeling complex dependencies between
variables.

Based on a review of previous data, we present
a comparative Table 2 of the advantages and
disadvantages of the considered machine learning
models for classifying user segments.

The choice of a ML model for classifying users
by RFM segments depends on the specifics of the
task, the nature and volume of data, as well as the
requirements for interpreting the results [19]. Such a
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Table 2. Comparative table of advantages and
disadvantages of ML models

Model Advantages Disadvantages
Logistic Ease of Limitations in
regression implementation, cases of nonlinear
interpretability, and | dependencies
efficiency on big
data
KNN Flexibility, no High
(kK nearest assumptions about | computational
neighbors) | data distribution complexity,
sensitivity to the
choice of metric,
and parameter k
Decision Interpretability, the | Proneto
tree ability to process overfitting, need
regression different types of for tree pruning to
data avoid overfitting

Source: compiled by the authors

comparison allows us to understand which model is
appropriate to use in a particular case: logistic
regression is optimal for tasks with linear
dependencies and the need for fast and
straightforward interpretation; the KNN algorithm
provides flexible analysis of behavioral patterns,
especially in the presence of clearly expressed
clusters [20], although it requires significant
computational resources; decision tree regression is
distinguished by its clarity, the ability to work with
different types of data and formulate visual
classification rules, but requires control of the depth
of the tree to avoid overfitting. In practice, ensemble
methods are often used that combine the advantages
of several models to achieve higher accuracy,
stability, and scaling of results.

RFM ANALYSIS AND ML MODEL FOR
USER COHORTS

We will conduct RFM analysis, calculate R, F,
and M, and build ML models to classify and isolate
user cohorts using open data set from Kaggle. The
next step in conducting RFM analysis is assigning
RFM scores to users. There are different ways to
perform this procedure; in the paper, a division into
four equal parts (quartiles) is used, resulting in a
scale of scores from 1 to 4, where 1 is the worst
score and 4 is the best. Also, we additionally
calculate the summary indicators rfm_score (to
construct a numerical segment code) and the overall
score rfm_total (the sum of the three scores).

The next stage of RFM analysis is user
segmentation. In the research, a customer with a
value of 12 is assigned the “Champions” segment,
from 9 to 11 — “Loyal users”, from 6 to 8 —

“Potential loyalists”, from 4 to 5 — “At risk”, and
users with a value of 3 — “Lost”. Let us build a
distribution of the number of customers (Fig. 2) and
purchases by segments (Fig. 3).

Distribution of customers by segment

32 N
30
21
10
. -

AL Risk

R
=

Number of customers

i
=

Potential Loyalists  Loyal users Lost
Segment

Champions

Fig. 2. Distribution bar of the number of

customers by segments
Source: compiled by the authors

Distribution of customer purchases by segment
300

285
247
103
. ﬁ

AtRisk
Segment

[*] w
= =
=] =1

-
=1
=]

Nurmber of customer purchases

0

Potential Loyalists  Loyal users Champions Lost

Fig. 3. Distribution bar of customer purchases by

segment
Source: compiled by the authors

From these figures, we can see that 84% of our
customers belong to segments such as "Loyal users",
"Potential loyalists", and "At risk". It is from these
types of customers that we receive the most
significant number of purchases. Additionally, we
will create graphs of the distribution of customers by
each RFM indicator (Fig. 4, Fig. 5, and Fig. 6).

After analyzing these graphs, we find that the
most common recency indicators for customers are
between 0 and 36 days and approximately 50 to 60
days. The most common frequency values for
customers are between 7 and 13, and the most
common monetary value indicators for customers
are between 200 and 650 euro. We will also
construct graphs of the distribution of total income
(Fig. 7), average check (Fig. 8), and average
spending by customer segments (Fig. 9).

502

Information technologies in socio-economic,
organizational and technical systems

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



Kobets V. M., Shlyakhtenko I. D., Zinchenko S. M. /

Herald of Advanced Information Technology
2025; Vol.8 No.4: 497-509

Distribution of recency indicators among customers

I

Number of customers
AW R0 0O AR W MG

. -

0 10 20 30 40 50 60 70 80 90 100110 120130140 150160170180 190
Recency (days)

Fig. 4. Distribution histogram of recency
indicators among customers
Source: compiled by the authors

Distribution of frequency indicators among customers

3 4 5 i} 7 g 9 0 11 12 13 14 16 17 18 25
Frequency (number of purchases)

Fig. 5. Frequency distribution histogram among

customers
Source: compiled by the authors

Distribution of monetary value indicators among customers

12
11
10
£ 9
28
37
26
-
24
E s
Z 2
w |
100 200 300 400 500 600 700 800 900 1000 1100
Monetary value (total purchase amount)
Fig. 6. Distribution histogram of
monetary indicators among customers
Source: compiled by the authors
Distribution of total revenue by customer segment
13595
12625
10260
10000
= 5120
|E 5000
2430
0
Potential Loyalists Loyal users AtRisk Champions Lost
Segment
Fig. 7. Total revenue distribution chart by client
segments

Source: compiled by the authors

Distribution of average check by customer segment
49.7

443 44.3
415
40 374
X
2
230
[&}
L]
[=)]
®
220
£
10
0
Champions Potential Loyalists  Loyal users At Risk Lost

Segment

Fig. 8. Average check distribution chart by client

segments
Source: compiled by the authors

Distribution of average expenditure (monetary) per customer
853.3

800

e &
= =1
= =

Average custormer spend

(=]
=1
=

582.9
4411
330.2
. i

AtRisk Lost

0

Champions Loyal users Potential Loyalists

Segment

Fig. 9. Distribution chart of average monetary

expenditure per customer
Source: compiled by the authors

After analyzing these graphs, the following
conclusions can be drawn:

1) The distribution of total revenue by customer
segments is dominated by segments such as
“Potential Loyalists”, “Loyal Users”, and “At Risk”.
This once again confirms that it is from these
customers that we receive the highest revenue.

2) The distribution of the average check by
client segments does not differ significantly, but
overall, the distribution hierarchy remains.

3) The distribution of the average monetary
amount spent per customer shows that buyers from
the "Champions"” segment spend the most money,
while spending gradually decreases from “Loyal
Users” to “Lost”. This graph effectively illustrates
the hierarchy of segments.

Elasticity indicators for all consumer segments
are specified in the table below (Table 3).

Table 3 shows a clear pattern: the lower the
RFM scores of user segments, the lower their
elasticity coefficients determined in equation (1).
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After conducting RFM segmentation and
analyzing the previous graphs, we can see that
calculating RFM indicator estimates by quartiles and
forming segments using the rfm_total indicator,
which is determined by the total sum of estimates, is
appropriate for user segmentation.

Table 3. Elasticity indicators for all consumer

segments

Segment Average | Median | Users

elasticity | elasticity | count
Champions -2.40 -2.39 6
Loyal users -2.57 -2.51 23
Potential 274 | 272 | 32
loyalists
Clients at risk -2.85 -2.77 31
Lost 308 | -288 | 10
customers

Source: compiled by the authors

The next step is to build a machine learning
model to classify user segments. For this, we use the
KNN algorithm, for which we create a separate data
frame that will include the following data: a unique
user ID, its age, frequency, and monetary value
estimates, and a class whose value will be based on
belonging to the corresponding segment, where 1 is
"Lost" and 5 is “Champions”. Next, we create a
training and test sample, in a ratio of 70 to 30
percent, respectively, using the function. The next
step is to build a KNN model based on the training
data, which includes the RFM estimates, the test
data to be classified, the class vector for the training
sample, and the number of nearest neighbors used to
determine the class.

Let us create a graph based on the Elbow
method to look at the dependence of the
classification error rate on the value of the parameter
k (Fig. 10).

o
(%

01- sut

Classification error rate

0 25 50 75 100
Value of k

Fig. 10. Elbow graph of the classification error

rate on the value of the parameter k
Source: compiled by the authors

Analyzing this graph, it is clear that for
parameter k values from 1 to 5, the classification

error rate is zero. Starting from parameter k = 6, the
error rate begins to increase. In cases where a person
has already made multiple purchases, the KNN
algorithm can easily classify them by segment.
Additionally, when we have different observations
for the same customer, this ML model provides a
forecast with 100% classification accuracy (Table
4). Therefore, the KNN algorithm is suitable for use
when customers perform repeated actions. Having
performed these actions once, we can quickly
determine which segment they belong to based on
their actions.

Table 4. Confusion matrix for test set of KNN

model (k=2)
Actual
Predicted | Cham- | Loyal | Potential |Client| Lost
pions users | loyalists |at risk | custo-
mers
Champions 31 0 0 0 0
Loyal users 0 85 0 0 0
roteqtlal 0 0 90 0 0
oyalists
Clients at
risk 0 0 0 74 0
Lost custo- 0 0 0 0 19
mers

Source: compiled by the authors

The next step is to form a cohort of users. Next,
we form a cohort of users who made their first
purchase of products in January 2023. After that, we
will conduct RFM segmentation of this cohort of
users for each month of 2023. The primary objective
of this approach is to monitor the evolution of the
customer segment and document these changes in a
comprehensive matrix of segments by month.

Now, let us create a graph of the number of
active users from the first cohort by month, as well
as graphs of the number (Fig. 11) and share (Fig. 12,
Fig. 13) of active users by segments from the first

cohort by month.
MNumber of active users from the first cohort by month

60 50
39 39 40
34 3 35
32

IIIIII i I |
ZU III I
0

jan feb nov dec
Fig. 11. Graph of the number of active users from
the first cohort by month

Source: compiled by the authors
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Number of active users by segment from the first cohort by month
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Fig. 12. Graph of the number of active users by

segments from the first cohort by month
Source: compiled by the authors

Share of active users by segment from the first cohort by month

Fig. 13. Graph of the share of active users by

segments from the 1st cohort by month
Source: compiled by the authors

If we compare the January and February
cohorts, we can see that there are no significant
differences between these cohorts (Fig. 14).

Share of active users by segment from the second cohort by menth

Segment
B Champions
W Loyal users

B Armisk

| e

Fig. 14. Graph of the share of active users by

segments from the 2nd cohort by month
Source: compiled by the authors

The cohort under study has a relatively stable
share of users in the "Loyal Users" and "Potential
Loyalists" segments, but a noticeable churn is
observed in the second month. To increase the
effectiveness of cohort pricing, it is advisable to
stimulate repeat purchases, thereby moving users to
higher loyalty segments and reducing the probability

[ Porential Loyalists

of churn through personalized communications and
targeted activities.

Increase the share of users in the “Champions”
and “Loyal Users” segments by implementing a
reward system, offering premium content, or
providing exclusive terms of interaction. These
segments have high monetary value indicators,
which means that additional costs for attracting
customers will be justified.

The application of KNN classification model
demonstrated the ability to predict the segment of a
new or existing customer based on their RFM
scores.

Special attention was paid to the cohort analysis
of users who made their first purchase in January
2023. For this cohort, a matrix of segment changes
in dynamics by month was constructed, which
allowed us to identify patterns of transitions between
segments and assess the stability of customer loyalty
throughout the year.

COHORT PRICING ALGORITHM AND
REVENUE DISCOUNTS FOR USERS

After conducting RFM segmentation and
building a user classification model, the next logical
step is to develop a cohort pricing model. This
approach not only allows for differentiating price
offers according to the behavioral characteristics of
users, but also for assessing the impact of price
changes on total revenue. Using the price elasticity
of demand coefficient opens up opportunities for
more effective pricing for individual user segments,
particularly by offering personalized discounts.

This section implements a pricing algorithm for
Cohort 1, as previously defined, which involves
providing price incentives to individual user
segments to increase their activity. Additionally, a
comparative analysis of actual and updated revenue
before and after the implementation of changes in
pricing policy is conducted, which enables an
assessment of the effectiveness of the decisions
made.

For further pricing, the price elasticity of
demand coefficient is determined in equation (1),
which shows how much the annual budget of the
buyer's expenses on supermarket products will
change if the share of his budget for one trip to the
store changes by 1%. That is, instead of the
percentage change in the number of products (Q) in
the numerator, there is a change in the budget of the
buyer's annual expenses on supermarket products,
and instead of the percentage change in the price (P)
in the denominator, there is a change in the share of
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expenses for purchases per one trip to the store in
the buyer's annual budget.
In(total_revenue)

In(avg_order_value) 1)
total_revenue

€r.avr =

For example, if the indicator equals -2, this
means that a 1% increase in the share of expenses
for one trip to the store will result in a 2% decrease
in total annual expenses. The next step in
determining one of the criteria by which to decide
whether to provide a discount to the corresponding
client is to determine the value of the segment's
order for each user during the year.

Another criterion for providing a discount to
eligible customers is the number of months in which
users have made at least 1 purchase. Next, we
combine the data into a data frame that will accept
the values user_id, elasticity, segment_mode, and
month_active.

We will select customers who will be given a
discount based on the appropriate criteria, namely.

1. The number of months in which purchases
were made must be greater than or equal to 6 within
one year.

2. The segment's fashion value should
correspond to categories such as "At Risk" and
"Potential Loyalists."

3. The value of the price elasticity of demand
must be less than or equal to -1 (inelastic demand).

Next, we calculate statistical indicators for the
transactions of customers who will receive a
discount, including the number of transactions, the
average check, and the total revenue. Thus, we
model the change in user behavior following the
implementation of the updated pricing policy,
enabling us to assess its financial impact. The next
part of the program performs the final stage of
estimating the impact of discounts on total revenue
across the user cohort. First, the updated revenue,
which consists of two parts.

1. Amounts of new revenue from users who
were given discounts, taking into account changes in
average check and number of transactions.

2. Initial revenue of users in the same cohort
who were not given discounts.

Next, the actual (initial) revenue is calculated as
the total of all orders from users in the cohort. This
is followed by the absolute change in revenue, which
is the difference between the updated and original
revenue, as well as its relative change expressed as a
percentage.

The final step will be to plot the change in
revenue after applying discounts (Fig. 15).

Change in revenue after applying discounts
42255.42

40000

30000

27500

20000

Actual revenue Updated revenue

Fig. 15. Revenue change schedule after applying

discounts
Source: compiled by the authors

In this section, a cohort pricing model was
developed, which enables the assessment of the
impact of introduced discounts on revenue, taking
into account the behavioral characteristics of users.
Based on the previously formed cohort of users and
the results of RFM analysis, target segments for
providing discounts were identified (in particular,
"Potential Loyalists" and "At Risk"). Using the price
elasticity of demand coefficient, the change in the
number of transactions and the average check after
applying the discount was modeled for each user. As
a result of the calculations, the expected change in
total revenue for the specified cohort was estimated,
allowing for the verification of the pricing policy's
effectiveness and the formulation of
recommendations for its improvement. The model
demonstrated its practical feasibility as a decision-
making support tool in the field of personalized
pricing.

CONCLUSIONS

The paper analyzed modern approaches to
pricing policy formation. The role of price
personalization and the use of consumer data
analytics in developing effective pricing models was
assessed. This approach allows taking into account
not only market factors, but also user behavioral
characteristics, which is an important prerequisite
for a more accurate impact on the company's
revenue.

The effectiveness of RFM strategies for
customer segmentation was investigated, which
allowed us to identify groups of users based on the
age of their last purchase, transaction frequency, and
total spending. Forming cohorts based on these three
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parameters provided a structured picture of the
consumer base and allowed us to prepare data for
subsequent cohort pricing.

Applying a KNN model enabled us to automate
the process of classifying users by RFM segments,
facilitating the formation of cohorts based on this
segmentation. This model demonstrated high
accuracy, confirming the feasibility of using this ML
model for analyzing customer behavior and
developing personalized approaches to working with
them.

Additionally, an algorithm and product pricing
model were implemented in the R programming
language within the RStudio environment, enabling
us to effectively process input data, build segments,
visualize behavioral patterns, and implement ML
models.

At the final stage, a cohort pricing model was
built, and its impact on revenue was assessed based

on input data. As a result of experimental modeling,
a scenario of changes in the average check and the
number of transactions was simulated under the
influence of price incentives for individual user
segments, using the price elasticity of demand. The
analysis revealed that, with the correct application of
discounts, it is not only possible to retain customers
at high risk of churn, but also to increase overall
revenue through increased purchase volume.

In our investigation, the RFM analysis is
limited to the available data from the dataset. It can
be expanded if more characteristics of purchase
diversity are available, from RFM to RFM-D.
Adding Diversity and Variety predictors makes it
possible to define customer segments and cohorts in
more detail, form a more personalized customer
engagement strategy, and increase consumer
engagement in purchases.
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AHOTALIS

VY crarTi mpencTaBieHO KOMIUIGKCHHMH MiJXiZ OO pO3pOOKH aJrOpPHUTMY AWHAMIYHOTO I[HOYTBOPEHHS HA TPOMYKIIIO, SKHI
iHTerpye crparerito cermenranii kientiB 3a RFM (Recency, Frequency, Monetary) 3 MeTosaMu MalllMHHOTO HaBYaHHS. JlocimKkeHHs
MPUCBSYCHE BUPIMIEHHIO BAXJIMBOI IMPOONEMH TIepCOHaNi3alii CTpaTerii IiHOYTBOPEHHA JUIS DI3HUX TPy KOPUCTYBauiB y
KOHKYPEHTHOMY CepEJIOBHILI PO3APiOHOI TOPriBIl, 30KpeMa ulsi CyNepMapKeTiB Ta OHJIaitH-MapKeTIUIeHciB. JIoci/DKeHHS PO3IIMPIOE
kinacuuHy Moziens RFM, Brimtoyaroun KoeillieHTH 11iHOBOI €aCTHYHOCTI ITOMUTY JUIs CTBOPEHHS CHCTEMH LIHOYTBOPEHHS Ha OCHOBI
rpymn. BuxopucroByroun anmropurm K-maiOmmkuanx cycinis (KNN), pospobneHa aBromaTrn3oBaHa cucTeMa KiacH@ikalii, ska TOYHO
CerMEHTY€E KIIIEHTIB Ha OCHOBI X ITOBEIIHKOBHX XapaKTepUCTHK, focsraroun 100% TouHocti kiacudikamii A1 MOCTIHHNX MOKYIIIB.
Merozonorisi CKJIaJaeTbcs 3 I'SITH KIOYOBUX eTamiB: 30ip 1 momnepenns oOpoOka naHuX, pospaxyHok OaniB RFM 3 BUKOpHCTaHHIM
PEHTHHI'Y Ha OCHOBI KBapTWJIIB, CETMEHTALlisl KII€HTIB HA IT'ATh OKPEMUX IPyN (YEMITiOHH, JIOSUTbHI KOPUCTYBaui, MOTEHIIHHI JIOSIIbHI
KJII€EHTH, KII€HTH B 30HI PU3UKY Ta BTpPaueHi KII€HTH), HABYAHHS MOJENI MAIIMHHOTO HAaBYAHHS JUIS NPOTHO3YBAHHS CErMCHTIB Ta
(hopMyBaHHSI KOrOPT Ha OCHOBI Yacy MepIioi MOKYyNKH. JIoCIimKeH s pealti3ye allrOpUTM LIHOYTBOPEHHS, SIKUI BHOIPKOBO 3aCTOCOBYE
3HIWKKH JI0 ITbOBHX CerMeHTIiB (KiieHTiB «[loTeHuiiHI nosuibHI KiieHTH» Ta «Kii€eHTH B 30HI PH3UKY»), SIKI IEMOHCTPYIOTh
HEEeNIACTMYHMI MOMUT 1 NiATPUMYIOTh aKTUBHICTh NPOTSrOM IOHAHMEHILEe MIECTH MicAliB. Pe3ylbTaTi eKClepUMEHTY MOKa3yloTh, 110
CTpaTeriyHe 3aCTOCYBAaHHs 3HWKOK HE JIMIIE 3MEHINYE BiATIK KII€HTIB, ajie il 30UIbIIye 3araJlbHUi JOXiJ 32 paxyHOK 30LIbLICHHS
00CsTy TOKYIIOK. 3alpoIIOHOBaHa CTPYKTYpa, peajli3oBaHa Ha MoBi mporpamyBanHs R y cepemoBumy RStudio, Hamae mimnpuemcream
iHCTPYMEHT MiJTPUMKH TPUAHSTTS pillleHh HAa OCHOBI JAHUX JUI1 ONTHMI3alii NEepCOHANTi30BAHMX CTpaTerii I[iHOYTBOPEHHS,
CIPSIMOBaHHUX Ha 30epexeHHs MpUOYTKOBOCTI. Takmid MminXix J03BOJSE KOMITaHiSIM 30ajlaHCyBaTH 3yCHUIUIA 3 YTPHMAaHHS KIIEHTIB Ta
MAaKCHMI3allil0 JOXOJLy 3a JI0IIOMOI'0F0 BUKOPHUCTAHHS CKJIA/IHHUX ITOBEAIHKOBHX aHAIITUYHUX JAHUX Ta IPOTHO3HOIO MOJIEIIIOBaHHSI.

KiouoBi caoBa: RFM anaini3; cerMeHraiisi KIi€HTIB, MAaIIMHHE HABYaHHSI, alrOPHUTM JUHAMIYHOI'O I[IHOYTBOPEHHS;
KOIOPTHHUI aHaJi3

ABOUT THE AUTHORS

Vitaliy M. Kobets - Doctor of Economic Science, Professor, Department of Computer Science and Software Engineering.
Kherson State University. 27, Universitetska Str. Kherson, 73003, Ukraine

ORCID: https://orcid.org/0000-0002-4386-4103; vkobets@kse.org.ua. Scopus Author I1D: 56006224700

Research field: Data Science in Economics; Evolutionary Microeconomics; Robo-Advisor

Kobeus Biraniii MukosaiioBu4 - TOKTOp €KOHOMIUHHX Hayk, mpodecop, npodecop kadenpu Komm’roTepHux Hayk Ta
MporpaMHoi imxeHepii. XepcoHChKUI iepyKaBHUI YHIBEPCUTET, ByJl. YHIBepcuTeTchka, 27. Xepcon, 73003, Ykpaina

Ivan D. Shlyakhtenko - student of the bachelor’s degree program on Information systems and technology. Kherson State
University. 27, Universitetska Str. Kherson, 73003, Ukraine

ORCID: https://orcid.org/0009-0007-1660-4334; ivan.shliakhtenko@university.kherson.ua

Research field: Business analysis; data science; machine learning

Hlnsixrenko IBan JleHMCOBMY - CTyIeHT OakajaBpPChKOi OCBITHBOI mporpamu I[HQopMaliiiHi CHCTEMH Ta TEXHOJOTIl
kadenpu Komm’roTepHUX HayK Ta MPOrpamMHOI iHXeHepii. XepCcOHChbKUil epyKaBHUI YHIBEPCHUTET, ByJI. YHIBEPCUTETChKA,
27Xepcon, 73003, Ykpaina

Sergiy M. Zinchenko - Doctor of Engineering Science, Associated Professor, Department of Ship Handling at Sea. Kherson
State Maritime Academy. 20 Ushakova Ave. Kherson, 73000, Ukraine

ORCID: https://orcid.org/0000-0001-5012-5029; srz56 @ukr.net. Scopus Author ID: 57214802895

Research field: automatic control systems for moving objects

3inuenko Cepriii MuxaiiJ0BHY - TOKTOP TEXHIYHHX HAYK, JOLEHT Kadeapu YmpailiHHs cyqHOM. XepCOHChbKa JepiKaBHA
MOpChKa akajaeMis, mp-T Yurakosa, 20. Xepcon, 73000, Ykpaina

ISSN 2663-0176 (Print) Information technologies in socio-economic, 509
ISSN 2663-7731 (Online) organizational and technical systems


mailto:srz56@ukr.net
mailto:srz56@ukr.net

