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COMPARING APPROACHES: A SCIENTIFIC OVERVIEW
OF ONLINE AND OFFLINE RETAIL PRICE OPTIMIZATION

The aim of this paper is to compare online and offline retail price optimization and highlight the key differences. Online
retail price optimization uses algorithms and data analysis to set the best price for an item on an e-commerce platform, consid-
ering product demand and competition. Olffline retail price optimization involves manual methods, such as cost-plus pricing,
market pricing, and psychological pricing, to price items in physical stores. The study involved a review of existing literature on
retail price optimization and its application in online and offline retailing. The results showed that data availability is a signifi-
cant difference between online and offline retail price optimization, with online retailers having access to more data. Online re-
tailers can quickly adjust prices because of automation, while offline retailers need to manually change prices. The results of the
study emphasize the importance of price optimization in both online and offline retailing and the benefits of using both methods
together. The findings provide valuable insights for retail businesses and can inform future research in retail price optimization.
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CHIBCTABJIEHHS IMIJAXOAIB: HAYKOBHUM OIISIJT OITUMI3AIIIL
PO3JIPIGHUX IITH B OHJIAVH TA O®JIAWH TOPTIBJII

Onmumizayisi po30PIOHUX YiH € KTIOUOBUM ACNEeKMOM YCRIUH020 po30piOHo2o bisHecy. L cmamms mMae Ha Memi nopieHAmMuU
BIOMIHHOCIE MiIC OHAAUH Ma oghnatin-vemodamu onmumizayii po3opionux yin. OHaaiuH-onmumizayis po30piOHUX YiH GUKOPUCTIO-
8Y€ aneOPUMMU MA AHANT3 OAHUX OISl BUSHAYEHHS ONMUMATLHOL Yinu Ha mosap. Bona epaxosye nonum na moseap i KOHKypeHyito
ona maxcumizayii npuoymxy. Ha npomueazy ybomy, oghnaiin-onmumizayis posopioHux yin NOKIa0acmucs Ha pyyHi npoyecu, a ma-
KOJIC Ha MemOOU MAKi sk pUHKO8e YIHOYMBOPEHHs I NCUXono2iune yinoymeoperHs. OCHOBHA GIOMIHHICIb MIJC YUMU 08OMA MENO-
damu nonaeae 6 00CHYNHOCMI OAHUX | WBUOKOCMI KOpuey8aHHs YiH. OHNaUH-Npo0asyi Maronms 00CHyn 00 8eIuUKo20 00cA2y OAHUX,
wo 00360715€ M npulmamu OUIbUL MOYHI YIHOBL PileHHsl | WEUOKO adanmyéamucs 00 MIHIUBUX PUHKOBUX YMO8. 3 IHW020 OOKY,
onatiH-npooasyi Maroms 0OMeNceHUull 00CMYn 00 OAHUX, WO YCKIAOHIOE NPUUHAMMSA MOYHUX YIHOBUX PileHb ma adanmayiio 00
PUHKOBUX 3MiIH Y pexcuMi peanbHo2o yacy. Onmumizayis Yin 6 OHAAUH-MOPIGLE MAKOHC 8USPAE 6i0 MAKUX THCIMPYMEHMIB, AK OUHA-
MIYHE YIHOYMBOPEHHS, siKe ABMOMAMUUHO KOPUSYE YIHU HA OCHOBI PUHKOBUX YMO8 I YiH KOHKypenmis. Ogratin-npooasyi noxkiaa-
H10MbCs HA OLbIW MPAOUYITIHE Memoou, MakKi ik nepioOuyHi YYiHKU, SKI He 3a824C0U 8i000paxcarons nomouri purkosi ymosu. OOHax
nepegaza oprain-npooasyie NouAeAc 8 MOMY, WO BOHU MOICYNb CIMBOPIOBATU VHIKATbHUL 00C8I0 Y MA2A3UHI ma adanmyeamu
YiHogi cmpamezii Ha 0cHO8I NOBeJiHKU Ma 6n0000aHb NOKYyNYie. Bonu maxosic Modcyms cxopucmamucs nepesazamu mop2o8o2o
nepconany 01 HAOAHHs NEPCOHANIZ08AH020 0OCIY208Y8AHHS KIIEHMIE | pekomenoayitl wo0o mosapie. Omoice, AK OHIAUH, MAK i
onatin-memoou onmumizayii po3opioHUX Yin mMarome ceoi nepesazcu ma neooniku. IloeoHanus yux memoodie modice npuzeecmu
00 cmeopeHHs 000pe nPoOYMAanoi YiHOBOI cmpamezii, IKA MAKCUMIZYE NpUOYMOK i niOmpumye 3a006o1enicms Kicumis. OHnatiH-
Memoou NPONOHYIOMb OLIbULY MOYHICIb [ WEUOKICMb Y YIHOYMBOPEHHI, MO0 1K 0QratiH-memoou 00380/1510Mb NEPCOHANIZYEAMU
83a€MO0i10 3 KIIIEHMAaMU Ma NIOMPUMYBAMU 3 HUMU eMOYIlHULL 36'A30K. 3acanom, 00u0ea memoou 6axciusi 0jia YCniHo20 po3-
OpibHoeo biznecy. /s 00CsAcHeH s HAUKPAWUX Pe3YTbIMAamie MONCHA PEKOMEHOYEAMU 3aCOCYBANHSL YUX MEMOoOi8 pa3oMm.

Knrwuosi cnosa: onmumizayia yin, aneopummu, auaniz OaHUX, pUHKOBULL NONUM, PUHKOBE YIHOYMBOPEHHS, NCUXON02iuHe
YIHOYmMBOpeHHsl, po30piOHuUil OizHec.

Problem statement. Retail price optimization involves
determining the best prices for goods and services to
maximize profits. In today's fast-paced, technology-
driven retail environment, retailers need to stay ahead of
the competition by using data and information to make
informed pricing decisions. However, there are different
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approaches to retail price optimization depending on
whether the retailer operates online or offline, or has a
hybrid business model that works in both formats.

Online retail price optimization uses data analytics
to determine the optimal prices for products sold
on e-commerce platforms, while offline retail price

© Verbytskyi Yaroslav, 2023



ExoHomiuHul npocmip

N2 183,2023

optimization relies on traditional methods, such as cost-
plus pricing. Hybrid retailers that have both online and
offline stores need to find a balance between these two
approaches to maximizing sales revenue.

Analysis of recent researches and publications. The
issue of sales in online and offline retail has been raised
more than once in scientific circles. The problem of pricing
is one of the most important issues in trade. Emek Basker
[1] found that Wal-Mart's presence in a city caused a
reduction in prices. Martin-Herran [2] found that the lower
the unit cost and/or the greater the price elasticity, the
greater the shelf space allocated to that brand. Ellickson
[3] found that firms cluster by pricing strategy, choosing
actions that agree with those of their rivals. Dan [4] found
that retail services strongly influence the manufacturer
and the retailer's pricing strategies. Together, these papers
suggest that retailers may be influenced by their rivals, the
presence of other retailers, and retail services when setting
prices. Bagwell [5] has found that in an equilibrium with
several of the same firms, the firm with low prices and
low costs dominates the market. Subsequently, Levy M.,
Grewal D., Kopalle P. K., Hess J. D. [6] confirmed that
the then-existing methods of setting retail prices were sub-
optimal because they did not take into account the effects
of advertising, competition, and substitute goods. Recent
research says that consumers who have more control over
the prices they pay have better attitudes and loyalty to the
retailer. Consequently, a retailer who can dynamically set
these prices will largely win the competition (W. Reinartz
[7]). Seiler [8] found that search costs play a large role in
explaining purchase behavior and that a promotion for a
particular product increases the consumer’s incentive to
search. Cachon [9] found that the retailer stocks less takes
smaller price discounts, and earns lower profit if strategic
consumers are present than if there are no strategic
consumers. These findings suggest that price optimization
does not work as intended, and may even be detrimental
to the retailer, regardless of whether online or offline
commerce. Gupta [10] found that to solve the resulting
NP-hard discrete multi-objective optimization problem,
the retailer should use a new algorithm that exploits the
neighborhood search feature of the Zigzag method to
extend the NSGA-II front further. This suggests that a new
algorithm should be used to solve the problem.

The aim of the article is to compare the approaches
to price optimization in online and offline retail and
identify the key differences between them. An article will
review the literature on retail price maximization and its
application in both online and offline retail. The aim is to
provide information for retailers and provide a basis for
future research in retail price optimization.

Results. Optimal algorithms and data analysis to
determine the best price aim to balance customer acquisition
and profit maximization, considering factors such as market
demand, supply chain costs, and competition. Algorithms
used in online retail price optimization consider a variety of
data points, including customer buying habits, competitor
prices, and market trends, to decide informed pricing [11].
Understanding the definition and methods of online retail
price optimization is essential for businesses looking to
stay ahead of the ever-changing e-commerce landscape.

The process of optimizing retail prices on the Internet
is a rational and expedient method of using data and
algorithms to determine the current prices of goods for a

given period. Machine learning techniques were used to
estimate historical lost sales and predict future demand for
new products. To tackle this challenge, a nonparametric
structure was used for the demand prediction model,
which takes into account reference price effects when
determining pricing policies. An algorithm was developed
that efficiently solves multi-product price optimization
problems by incorporating these reference price
effects [11].

Since determining the optimal prices for goods sold
online involves analyzing customer behavior, competitors'
pricing strategies, market trends, etc., it is possible to
set competitive and profitable prices with the help of a
successful financial model created by machine learning
methods. Such a model will also consider the largest
number of profit-and-loss statements. As practice shows, a
quick financial analysis of such a large number of reports
over a certain period maximizes sales revenue.

To address the differences between online and offline
retail price optimization, various machine learning models
can be utilized [12]. These models can analyze large
amounts of data and make predictions about customer
behavior, market trends, and other factors that influence
pricing decisions. Machine learning models offer a
powerful tool for retailers looking to optimize their pricing
strategies and make data-driven decisions. Whether it
is online or offline retail, machine learning models can
be customized to fit the specific needs and challenges of
each business, and can help retailers to stay ahead of the
curve and remain competitive in an ever-changing retail
landscape.

Some of the most common machine learning models
used in retail price optimization include:

1. Regression models: Regression models can predict
the relationship between different variables, such as the
relationship between price and demand. This type of model
can be useful in online retailing, where data on customer
behavior and preferences can inform pricing decisions.

2. Decision Trees: Decision trees are a type of model
that can decide based on a set of rules. They are well suited
for retail price optimization because they can model the
complex relationships that affect pricing decisions.

3. Neural Networks: Neural networks are a type of
machine learning model that can make predictions based
on large amounts of data. In retail price optimization,
neural networks can analyze customer behavior, market
trends, and other factors.

4. Random forests: Random forests is a type of machine
learning model that can make predictions based on data
from multiple sources. In retail price optimization, random
forests can be used for analytical calculations based on the
results of recent customer loyalty programs in interaction
with market conditions and product lifecycle.

5. Genetic algorithms: effective for optimization,
including price optimization. [13] Therefore, any of these
types of algorithms can be used for price optimization.
However, more recent studies consider price optimization
with uncertainty, so robust quadratic programming
algorithms may be a better choice when there is uncertainty
in the data. When there is no uncertainty, any type of
algorithm can be used.

Algorithms used in this type of analysis include
predictive modeling techniques, such as machine
learning algorithms, which can apply to large datasets
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collected from various sources (e-commerce platforms
or other third-party services). Data analysis typically
includes forecasting demand based on historical patterns;
understanding consumer preferences through surveys/
interviews; evaluating competitors’ pricing models and
promotional activities; assessing product availability
across different channels or optimizing inventory levels
according to expected future orders, etc.

Online retailers have access to a vast amount of data
that can be used for price optimization. This includes
customer behavior, competitor pricing strategies, market
trends, and other insights collected from e-commerce
platforms or third-party services. On the other hand, offline
retailers typically only have limited internal information
about production costs and desired profit margins when
determining prices for products sold in physical stores.
Online retailers can quickly and easily adjust prices due to
the vast amount of data available. This includes customer
behavior, competitor pricing strategies, market trends etc.,
which allows them to make informed decisions about
how best to optimize their product pricing strategy across
different channels (online/offline).

Online retail price optimization has the benefit of
allowing retailers to quickly adjust prices in response to
changes in demand and competition [14]. This can help
them maximize profits by setting optimal prices for their
products or services.

Offline commerce is conceptually different from
online on many counts. This also applies to processes.
The advantage of offline retail price optimization is
that businesses can adjust prices in real-time based on
changes in supply and demand; this can help them always
offer competitive prices while maximizing sales profits.
Physical stores also provide customers with a face-to-face
experience, which can lead to more informed purchasing
decisions than those made online without human contact.
This involves considering production costs, desired
profit margins, and other factors such as market trends or
competitor pricing strategies when determining a selling
price. The most common methods used are cost-plus
pricing (setting prices based on adding up all associated
costs plus an additional margin), market-oriented pricing
(pricing according to what customers perceive value),
and psychological pricing [15]. Other techniques include
promotional activities like discounts or loyalty programs,
which can increase sales volume while still maintaining
profitability. Offline retail price optimization also allows
retailers to set competitive pricing, but it is more difficult
because they must manually update store shelves with
new product information and pricing data [16]. Efficient
time series forecasting techniques, auction-based market
mechanisms, and Spot pricing, including the use of
machine learning models, will help to reduce uncertainty
and improve results by offering insight into future outcome-
based decisions. One of the algorithms of machine learning
used linear regression. It is easy to implement and is used
for purposes such as predicting real estate prices, financial
performances, and traffic. Cluster analysis is also used
for understanding the relationship between consumers and
the products they mostly search for. This work proposes a
hybrid model, exploring linear and nonlinear modeling [17].

Online retail price optimization is a more efficient
method of setting prices. Process automation can free
up retailers to focus on other aspects of their business
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by reducing the time and resources required. This also
eliminates the possibility of human error, which can be
costly in billing. [11]

Despite the obvious benefits of using price optimization
algorithms in retailing, there are also some difficulties
and challenges. One of the most significant constraints a
researcher may face is the analysis of customer behavior
and preferences. The difficulty is that these very factors can
be difficult to predict. There are always factors (such as
personal tastes or values) that algorithms do not consider.
This is a weighty challenge because these factors influence
the consumer's decision-making process.

Relying too heavily on data analysis can lead retailers
to decide based solely on past performance rather than
considering future trends or changes in market conditions.
Another disadvantage of using algorithms for pricing is
that it often developed based on certain assumptions about
customers' buying habits. If those assumptions prove too
incorrect, they may set prices at levels that do not reflect
actual demand from consumers.

Thiscanleadtomissedsales opportunities by overpricing
or underpricing products relative to what customers
would pay for them, given their circumstances and needs.
One of the major limitations of price optimization in
offline retail is that the amount of data needed for analysis
can exceed all reasonable limits. In addition, there’s a lot
of data needed — customer preferences, market trends, and
competitors' pricing strategies. Without the data, it can be
difficult to set prices.

Likewise, businesses cannot always react quickly
enough to sudden changes in demand or competition that
result in immediate price changes. Finally, relying too
heavily on intuition rather than facts increases the risk of
making mistakes because of incorrect assumptions about
consumer behavior.

The best way to use both online and offline retail price
optimization in a complementary manner is by leveraging
the strengths of each method. For example, you could
use data analysis from online sources such as customer
reviews or competitor pricing strategies to inform your
decisions when setting prices manually at physical stores.
This would allow you to take advantage of the insights
provided by algorithms while still being able to adjust
rates quickly if needed based on changes in demand or
competition. It may be beneficial for retailers who operate
both an online store and brick-and-mortar locations to
consider offering discounts or other incentives that are only
available through one channel; this can help encourage
customers who prefer shopping exclusively via either
digital platforms or traditional outlets depending on their
individual needs and preferences.

Conclusions. Online retail price optimization has
transformed the way prices are set for products, bringing
increased efficiency, speed, and transparency to the process.
However, there are also some challenges, like accurately
predicting customer behavior and ensuring pricing reflects
actual demand.

In short, online retail price optimization is a powerful
tool for retailers looking to optimize their pricing and boost
revenue. While there are some obstacles to overcome, the
benefits are substantial and make it an essential part of any
successful retail strategy. Future research should continue
exploring the potential of online retail price optimization
and finding ways to address its limitations.
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As technology advances, machine learning and
artificial intelligence are ready to revolutionize the retail
industry. With their ability to process huge amounts of data
quickly and accurately, retailers can make complex pricing
decisions based on a range of variables. Soon, we can expect
to see a shift to personalized pricing, where retailers will
tailor their pricing strategies to specific segments of their
customer base. Using the latest algorithms, retailers can
analyze customer data and make real-time price adjustments
based on individual preferences and buying habits, leading

to a more personalized shopping experience. There may
be more emphasis on integrating retail price optimization
with other aspects of retail operations, such as inventory
management and marketing. This will help retailers create
a more integrated retail strategy and maximize the use of
their data and resources.

In conclusion, the future of retail price optimization is
bright and full of opportunities for innovation and growth. It
will well position retailers who stay ahead of the curve and
adopt the latest technology to succeed in the coming years.
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