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Abstract

This chapter surveys the state of the art in dynamic pricing and promotional 
strategy for online retail, integrating insights from marketing science, 
operations, and machine learning. We first synthesize rule-based and AI-
driven pricing approaches that update prices in real time by learning 
demand, tracking competitors, and balancing exploration and exploitation. 
We then examine how individualized discounts, targeted coupons, and 
recommendation-linked offers blur the boundary between “pricing” and 
“promotion,” and outline design principles for segment- and context-
specific interventions rather than one-size-fits-all markdowns. Next, we 
connect pricing and promotion to analytics for demand forecasting and 
yield management, emphasizing the feedback loop whereby price changes 
and promotions reshape demand and, therefore, must be embedded in 
forecasting models to avoid biased decisions. Classical revenue-management 
results and contemporary retail cases are used to illustrate inventory-aware 
pricing, clearance timing, and cross-channel allocation. Finally, we address 
consumer-side consequences—fairness perceptions, trust, and strategic 
waiting—and discuss governance tools (e.g., guardrails, transparency, and 
experimentation protocols) that sustain long-term loyalty while meeting 
revenue objectives. The chapter contributes a cohesive framework linking 
algorithms, promotional mechanics, and forecasting/yield decisions, and 
offers actionable guidance for retailers seeking scientifically grounded, 
customer-centric revenue optimization in fast-moving digital markets.
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1. Introduction

Dynamic pricing and promotional strategies have become central to 
online retailing in the digital age. Dynamic pricing refers to the continual 
adjustment of prices in response to real-time market conditions, demand, and 
customer data, enabled by algorithms and automation (Kannan & Kopalle, 
2001; Den Boer, 2015). Online retailers like e-commerce marketplaces can 
update prices multiple times per day, something infeasible in traditional 
stores, to match supply with demand and maximize revenue (Kannan & 
Kopalle, 2001; Nowak & Pawłowska-Nowak, 2024). This flexibility, 
combined with vast amounts of consumer data, has led to widespread 
adoption of algorithmic pricing across industries, from airlines to online 
retail (Phillips, 2012; Vomberg et al., 2024). At the same time, promotional 
strategies – planned discounts, coupons, and sales events – remain crucial for 
attracting customers, clearing inventory, and driving short-term sales spikes 
in online retail (Chandon et al., 2000; Grewal et al., 2011). Online retail 
platforms frequently organize promotions (e.g. seasonal sales like “Black 
Friday” or limited-time coupon codes) to boost traffic and conversion 
rates, often leveraging the reach of digital channels to target promotions 
more precisely than in traditional retail (Li & Chen, 2024; Zhang & Wedel, 
2009). Together, dynamic pricing and promotions form a twin approach to 
revenue optimization – the use of data-driven tactics to maximize a retailer’s 
revenue and profit given volatile demand and competitive pressures (Bitran 
& Caldentey, 2003; Kutlu, 2024; Talluri & van Ryzin, 2004).

In the online context, dynamic pricing and promotions are highly 
interrelated. Retailers must balance real-time price optimization with periodic 
promotions to avoid eroding margins or conditioning customers to wait 
for discounts (Mela et al., 1997; Shankar & Bolton, 2004). For example, a 
retailer might use dynamic pricing algorithms to steadily adjust prices based 
on demand elasticity and competitor prices, while also offering strategic 
promotions (like flash sales or loyalty discounts) to stimulate demand 
when needed (Grewal et al., 2011; Nowak & Pawłowska-Nowak, 2024). 
Both tactics rely heavily on analytics: dynamic pricing requires demand 
forecasting and price elasticity estimation, whereas effective promotions 
require analyzing consumer response and timing (Den Boer, 2015; Fildes 
et al., 2022). Advanced analytical tools, including machine learning and 
big data, now enable retailers to forecast demand more accurately and 
personalize pricing or promotions at the individual customer level (Nowak 
& Pawłowska-Nowak, 2024; Zhang & Wedel, 2009). According to Lii et al., 
effective pricing hinges on retailers understanding consumers’ perceptions of 
promotional prices and tailoring their strategies to the way buyers process and 
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act on such cues (Lii et al., 2023). These developments have blurred the line 
between pricing and promotion, as retailers increasingly use individualized 
price discounts (a form of promotion) as part of dynamic pricing strategies. 
In addition, empirical evidence indicates that price consciousness and 
perceived value play central roles in how consumers evaluate price changes 
and promotions, supporting the multidimensional nature of price perception 
(Geçti & Zengin, 2012).

However, the aggressive use of dynamic pricing and frequent promotions 
also raises consumer perception issues. Researchers have found that 
algorithmic dynamic pricing can trigger consumer concerns about price 
fairness and trust, especially if price changes appear unpredictable or 
discriminatory (Vomberg et al., 2024; Xia et al., 2004). Online shoppers 
value price transparency and may respond negatively if they perceive prices 
are fluctuating “unfairly” or if they miss out on a better deal by purchasing 
at the wrong time (Xia et al., 2004). At the same time, too many promotions 
or deep discounts can damage a brand’s price image and train consumers 
to delay purchases until a sale, a phenomenon observed both offline and 
online (Mela et al., 1997; Li & Chen, 2024). Thus, retailers must design 
pricing and promotional policies that not only optimize revenue but 
also maintain customer trust and long-term loyalty (Grewal et al., 2011; 
Vomberg et al., 2024; Yıldırım et al., 2024). Academic studies suggest that 
transparent policies (like price-matching guarantees or clear communication 
of promotional calendars) can mitigate negative consumer reactions while 
still allowing dynamic adjustments.

This chapter explores the state-of-the-art in online retail pricing and 
promotions from a marketing science perspective. We begin by examining 
algorithms for real-time pricing, including rule-based and AI-driven 
approaches that online retailers employ to set and update prices dynamically. 
We then discuss promotional strategy and discount mechanics, analyzing 
how retailers design sales promotions, coupon offers, and discount programs 
in the online environment and how these interact with dynamic pricing. 
Next, we delve into analytics for demand forecasting and yield management, 
highlighting the data-driven techniques used to predict consumer demand 
and optimize revenue – akin to the yield management practices pioneered 
in airlines but adapted to online retail’s context. Finally, we conclude with a 
summary of key insights and future directions, emphasizing the need for an 
integrated approach that leverages both dynamic pricing and promotions in 
a way that is scientifically grounded and customer centric. Throughout, we 
will draw on recent research and classic theories to provide a comprehensive, 
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humanistic, and academically rigorous discussion of dynamic pricing and 
revenue optimization in online retailing. 

2. Algorithms for Real-Time Pricing

Online retail has witnessed a proliferation of algorithms designed for real-
time dynamic pricing, building on foundations laid by decades of revenue 
management research. Early dynamic pricing models in operations research 
assumed the seller would periodically adjust prices based on remaining 
inventory and time, as was common in airline yield management and other 
industries with perishable capacity (Bitran & Caldentey, 2003; Elmaghraby 
& Keskinocak, 2003). In the retail context, however, the challenge is more 
complex: e-commerce retailers often carry a large assortment of products, face 
dynamic demand patterns, and operate in highly competitive markets where 
rival prices are easily observable by consumers. Modern pricing algorithms 
thus incorporate demand learning and competitor price monitoring to set 
optimal prices in real time (Den Boer, 2015; Chen & Chen, 2015). The 
algorithms continuously learn from sales data – for instance, experimenting 
with price drops or increases to gauge demand elasticity – and refine their 
pricing rules over time, in an approach often modeled as a multi-armed bandit 
problem or sequential experimentation (Den Boer, 2015; Besbes & Zeevi, 
2009). This learning-oriented pricing is crucial in online retail, especially for 
new products or fast-changing markets where demand curves are initially 
uncertain (Besbes & Zeevi, 2009). Over repeated price adjustments, the 
system converges on prices that maximize revenue or profit, while balancing 
the exploration–exploitation tradeoff (trying new prices versus using the 
best-known price). Such adaptive pricing algorithms have been shown to 
achieve near-optimal performance even without full information of demand, 
under certain theoretical conditions (Besbes & Zeevi, 2009; Chen & Chen, 
2015).

In practice, rule-based pricing engines and machine learning models 
work in tandem for real-time pricing. A rule-based engine might set floor 
and ceiling prices, ensure prices do not violate margin constraints, or react 
instantly to competitor price changes (for example, matching a competitor’s 
lower price within minutes to avoid losing sales) (Nowak & Pawłowska-
Nowak, 2024). On top of these rules, machine learning algorithms analyze 
a multitude of factors – such as time of day, remaining stock, customer 
browsing behavior, and even external signals like web traffic – to recommend 
price adjustments (Nowak & Pawłowska-Nowak, 2024). For instance, an 
online retailer can use predictive models to estimate future demand and 
adjust prices accordingly: if demand is predicted to surge for a product, the 
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algorithm might raise the price to capitalize on willingness-to-pay, whereas if 
demand is soft, it might lower the price or trigger a promotional discount to 
stimulate sales (Ferreira et al., 2016; Fildes et al., 2022). Advanced models 
leverage techniques like linear regression trees, support vector machines, 
and reinforcement learning to make pricing decisions. A recent applied 
study by Nowak and Pawłowska-Nowak (2024) demonstrates a machine 
learning–based pricing method where algorithms such as Support Vector 
Machines achieved high accuracy in classifying optimal pricing actions 
(increase, decrease, or hold price), ultimately improving revenue for an 
online retailer. Likewise, Shin et al. (2023) incorporate novel data like online 
product reviews into dynamic pricing models, showing that algorithms can 
adjust prices based on real-time shifts in consumer sentiment and product 
ratings (Shin et al., 2023). By integrating such unstructured data, pricing 
algorithms become more feature-based (considering product attributes 
and consumer feedback) rather than relying solely on sales history, thereby 
refining price optimization in categories like electronics or fashion where 
reviews significantly influence demand.

An important dimension of real-time pricing algorithms is personalization. 
Online retailers increasingly attempt to set individualized prices or offers 
for customers, using data on browsing history, purchase behavior, and even 
willingness-to-pay indicators (Grewal et al., 2011; Nowak & Pawłowska-
Nowak, 2024). While true first-degree price discrimination (a unique price 
for each customer) is rarely transparent, retailers implement personalized 
pricing in indirect ways, such as targeted coupon codes, personalized 
product recommendations with dynamic discounts, or segment-specific 
price adjustments (Zhang & Wedel, 2009; Grewal et al., 2011). For 
example, an online travel site might quote different prices for the same hotel 
room based on the user’s location or booking history, effectively a dynamic 
pricing mechanism tailored to customer segments (Azzolina, 2021; Talón-
Ballestero et al., 2022). Algorithmically, this involves segmenting customers 
and applying different pricing models per segment (Ban & Keskin, 2021) or 
using real-time decision engines to present a discount if a high-value customer 
seems about to abandon their cart (Luo et al., 2019; Li et al., 2021). Such 
strategies blur into the realm of promotions (since the price advantage is 
targeted), highlighting how dynamic pricing algorithms and promotional 
tactics can converge (Sahni et al., 2017). Zhang and Krishnamurthi (2004) 
provided early evidence that customized promotions in online stores – 
essentially personalized price cuts – can significantly enhance conversion 
rates and profitability relative to one-size-fits-all promotions, validating 
the promise of algorithmic targeted pricing in e-commerce. More recent 
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developments in AI allow these personalizations to scale (Afsar et al., 
2023; Chen et al., 2023): for instance, recommender systems might couple 
product recommendations with dynamic discount offers in real time (Guo 
et al., 2023; Liu, 2023), using reinforcement learning to maximize not just 
the immediate sales but long-term customer value (Song et al., 2024; De 
Biasio et al., 2023).

While the benefits of real-time pricing algorithms are substantial – 
greater revenue, faster response to market changes, and fine-grained control 
– they must be managed carefully to avoid consumer alienation. Research 
in marketing has revealed that consumers can respond negatively if they 
sense they are being charged different prices unfairly or if prices fluctuate 
too often (Xia et al., 2004; Vomberg et al., 2024). In online retail, where 
price comparison is easy, trust is paramount. Vomberg et al. (2024) find that 
algorithmic dynamic pricing (ADP) initially reduces consumers’ trust in the 
retailer and causes them to engage in more extensive price search, though 
this effect may diminish as consumers become accustomed to dynamic 
pricing as a market norm. To maintain trust, retailers sometimes incorporate 
price fairness constraints or guarantees into their algorithms. For instance, 
a price algorithm might be constrained not to exceed a certain percentage 
change within a short period, or the retailer might offer a price-matching 
guarantee (refund the difference if the price drops shortly after purchase) 
to assure customers they won’t be disadvantaged by timing (Vomberg et 
al., 2024). Additionally, transparent communication can help retailers can 
inform shoppers that prices are updated due to supply and demand, or label 
dynamic prices as “sale ends in X hours” to create an impression of a fair 
promotional deal rather than arbitrary change. By combining algorithmic 
agility with consumer-centric policies, online retailers can enjoy the revenue 
gains of real-time pricing while mitigating potential backlash (Grewal et al., 
2011; Xia et al., 2004).

In summary, algorithms for real-time pricing in online retailing draw 
on rich interdisciplinary research from operations, computer science, and 
marketing. They involve learning demand patterns on the fly (Den Boer, 
2015; Besbes & Zeevi, 2009), using predictive analytics for optimization 
(Ferreira et al., 2016), and in many cases personalizing prices or offers at the 
micro-segment level (Zhang & Krishnamurthi, 2004; Nowak & Pawłowska-
Nowak, 2024). These dynamic pricing systems have redefined how prices 
are set in e-commerce, shifting pricing from a static list price paradigm to a 
fluid, responsive process (Kopalle et al., 2023; Elmaghraby & Keskinocak, 
2003; Nouri-Harzvili & Hosseini-Motlagh, 2023; Shin et al., 2023). As 
we turn to promotional strategy, we will see that many principles overlap: 
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data-driven decision making, consumer behavior considerations, and the 
ultimate goal of revenue optimization (Wedel & Kannan, 2016; Ailawadi 
et al., 2009; Grewal et al., 2011). The interplay between dynamic pricing 
algorithms and promotions is critical – retailers must decide when to let 
algorithms adjust prices incrementally versus when to deploy more dramatic 
promotions, a topic we explore next.

3. Promotional Strategy and Discount Mechanics

Promotions remain a cornerstone of online retail strategy, complementing 
dynamic pricing by providing discrete demand boosts and enabling price 
discrimination in a more transparent manner. A promotion typically 
involves a temporary incentive – such as a price discount, coupon, rebate, 
free shipping, or bundle deal – designed to spur consumer purchase behavior 
(Blattberg & Neslin, 1990). Unlike the continuous price fluctuations of 
dynamic pricing, promotions are often time-bound events or conditional 
offers, and consumers are explicitly aware of them (e.g., “20% off this 
weekend only” or “buy one, get one free”). This explicit nature can make 
promotions more palatable to consumers, as they are framed as fair deals 
available to everyone (or to a targeted group) for a limited time, rather 
than hidden personalized price changes (Chandon et al., 2000; Xia et al., 
2004). Promotions serve multiple objectives in online retail: clearing excess 
inventory, acquiring new customers (through attractive introductory offers), 
increasing basket size (via free shipping thresholds or bundle discounts), and 
countering competition during key shopping seasons (Grewal et al., 2011; 
Li & Chen, 2024). The mechanics of discounts in the e-commerce setting 
have evolved with technology – digital coupons, flash sales, personalized 
email promotions, and platform-wide shopping festivals are now common 
tools in the retailer’s arsenal (Zhang & Wedel, 2009; Li & Chen, 2024).

A foundational framework by Chandon et al. (2000) categorizes 
promotions by the benefits they provide to consumers: utilitarian benefits 
(monetary savings, improved product quality perception, shopping 
convenience) and hedonic benefits (entertainment, exploration, self-
expression). Online promotions often appeal to both. For example, a 
limited time “flash sale” provides utilitarian savings (lower price) but also 
hedonic excitement due to the urgency and gamification of snagging a deal. 
Understanding these consumer benefits is crucial for designing effective 
promotions in online retail. Researchers have found that promotions framed 
in certain ways can greatly influence effectiveness; for instance, a percentage-
off discount may be more attractive on high-priced items, while an absolute 
dollar discount might work better for lower-priced items – this is tied to 
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consumer reference price perceptions (Chandon et al., 2000; Grewal et al., 
2011). Additionally, offering free shipping (a popular online promotion) 
can sometimes be more motivating than an equivalent price discount, 
because consumers perceive shipping fees as a loss – removing them via a 
promotion enhances the overall value perception disproportionately (Grewal 
et al., 2011). Therefore, retailers must carefully choose promotion types and 
framing to align with consumer psychology. Studies suggest combining 
promotions (e.g., a price discount plus free shipping) can have synergistic 
effects on online conversion, but overly complex promotions may backfire 
if consumers find the conditions confusing (Li & Chen, 2024). Simplicity 
and transparency in discount mechanics generally improve consumer uptake 
and satisfaction.

Promotional strategy in online retail revolves around deciding when, how 
deep, and to whom discounts should be offered. Seasonality plays a role: 
many retailers plan major promotions around holidays or known shopping 
events (Black Friday, Cyber Monday, Singles’ Day) to ride peaks in consumer 
interest (Li & Chen, 2024). For instance, Chinese e-commerce platforms 
have created their own “Double Eleven” (Nov 11) festival with massive 
discounts, yielding enormous sales volumes in a short window (Li & Chen, 
2024). The depth of discounts is another strategic decision. A classic finding 
in promotion analytics is the promotion bump – a large temporary increase 
in sales during the promotion – often followed by a post-promotion dip as 
some consumers had merely accelerated their purchases or stocked up (van 
Heerde et al., 2004). van Heerde et al. (2004) decomposed the sales bump 
and found that price promotions attract not just incremental new purchases 
but also borrow from future sales and from competing brands, indicating 
that retailers should be cautious in interpreting promotion success. If a 
promotion simply shifts timing (consumers buy earlier to take advantage of 
the sale) without increasing overall consumption or loyalty, the net benefit 
might be limited (Mela et al., 1997). Online, where switching costs are low 
and price comparison is instantaneous, deep promotions can attract “deal 
hunters” who may not become loyal customers. Mela et al. (1997) showed 
that frequent promotions could erode brand loyalty, as consumers become 
more price focused. Therefore, a sophisticated promotional strategy aims to 
segment customers – offering discounts to price-sensitive or new customers 
to induce trial, while avoiding giving away margin to customers who might 
purchase anyway at regular price (Grewal et al., 2011; Zhang & Wedel, 
2009). This is where personalization again comes into play: customized 
promotions allow the firm to target discounts where they are most likely 
to change behavior, a concept Zhang and Wedel (2009) empirically 
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demonstrated by comparing mass promotions, segment-level promotions, 
and individual-level promotions. They found that finer-grained targeting 
(especially individual-level) improved promotion effectiveness in terms of 
conversion and profit, confirming the value of analytics-driven promotion 
customization in both online and offline contexts (Zhang & Wedel, 2009).

The mechanics of discounts in online retail have some unique 
characteristics compared to traditional retail. One significant aspect is 
the role of e-commerce platforms (like Amazon, Tmall, etc.) which may 
run joint promotions with sellers. Li and Chen (2024) examine “double 
discount” scenarios where an online platform and the individual retailer 
both offer concurrent discounts, effectively stacking promotions for the 
consumer. Their dynamic game analysis shows that such double discounts 
can be Pareto-improving – benefiting both the platform and retailers by 
generating a larger demand response – but the outcome depends on relative 
product quality and the strategic behavior of consumers (Li & Chen, 
2024). Strategic consumer behavior is indeed a critical factor: today’s 
online shoppers are often strategic waiters, tracking prices and waiting for 
anticipated promotions before purchasing (Li & Chen, 2024; Su, 2007). 
This behavior has given rise to phenomena like consumers filling online 
carts and then hesitating, hoping for a last-minute coupon (“shopping cart 
abandonment” until a discount email arrives). Retailers counter this with 
targeted “exit-intent” offers (e.g. a pop-up offering 10% off if you complete 
the purchase now). From a game-theoretical perspective, if consumers 
anticipate regular discounts, they will delay purchases, forcing retailers 
into a cycle of promotions that can erode long-term margins (Su, 2007). 
To avoid this trap, some retailers adopt Everyday Low Pricing (EDLP) 
strategies (consistent low prices with few promotions) as an alternative to 
hi-lo promotional pricing (Shankar & Bolton, 2004). Shankar and Bolton 
(2004) found that a retailer’s choice of EDLP versus promotional pricing 
depended on market characteristics and competition; in online retail, we 
similarly see a spectrum – some players like Costco (even online) favor stable 
pricing, while others like online marketplaces run constant deal rotations. 
The key is credibility: an EDLP retailer trains customers that prices won’t 
drop much later (reducing strategic waiting), whereas a promotion-heavy 
retailer must accept that a segment of customers will play the waiting game.

Technology has enabled complex discount mechanics online. Beyond 
straightforward price cuts, there are loyalty points, referral discounts, 
gamified flash deals (e.g., “lightning deals” that last an hour), group buying 
discounts (where enough buyers trigger a lower price), and personalized 
coupon codes distributed via email or apps (Grewal et al., 2011; Zhang & 



110  |  Dynamic Pricing, Promotions, and Revenue Optimization

Krishnamurthi, 2004). Each mechanism can be tuned. For example, coupon 
promotions have a built-in redemption friction – not all distributed coupons 
are redeemed – which can be advantageous as it segments consumers by effort 
level (Blattberg & Neslin, 1990). A certain segment (more price-sensitive) 
will use the coupon, while others won’t bother, effectively allowing price 
discrimination without changing the list price. Online, coupon distribution 
can be precisely controlled (unique codes to individual customers, one-time 
use, etc.), and the data from redemptions feeds back into customer analytics. 
Promotions like “buy more, save more” (tiered discounts for larger baskets) 
encourage higher cart value, tackling the challenge of high shipping costs 
or customer acquisition costs by increasing average order size. All these 
mechanics must be aligned with the retailer’s overall revenue optimization 
goal. An overly generous promotion can spike sales but hurt profitability; an 
overly stingy promotion may fail to attract the desired incremental demand. 
“A/B testing and analytics” refers to running randomized online controlled 
experiments (e.g., assigning customers to alternative discount levels) and 
analyzing the resulting behavioral data to estimate incremental lift and 
profitability so the retailer can select the most effective promotion (Kohavi 
et al., 2009). Thus, retailers use A/B testing and analytics to calibrate 
promotions – for instance, testing different discount levels or formats on 
small customer samples to estimate lift versus cost, then rolling out the 
optimal variant (Grewal et al., 2011).

One emerging insight in promotional strategy is the importance of 
omnichannel consistency. Consumers often interact with a brand across 
online and offline channels, and inconsistent pricing or promotion policies 
can cause confusion or arbitrage. If an online store always has deeper 
discounts than the physical store, customers might showroom (view offline, 
buy online). Therefore, many retailers coordinate promotions across channels 
or use online promotions to drive offline traffic and vice versa (Grewal et al., 
2011). However, online retail also allows unique promotions not feasible 
offline, such as real-time personalized offers or instant digital coupons when 
certain behaviors are detected (e.g., retargeting a user who viewed a product 
but didn’t purchase with a special discount on that product the next day). 
The agility and personalization possible online can make promotions more 
efficient – giving the discount exactly when needed to close a sale – rather 
than blanket discounts to all. Zhang and Krishnamurthi (2004) noted that 
online stores could leverage individual-level purchase history to customize 
promotions in ways brick-and-mortar stores could not, achieving a closer 
approximation to each consumer’s reservation price. This highlights the 
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synergy between promotion strategy and data analytics, which we discuss 
further in the next section.

In summary, promotional strategy in online retail involves a blend of 
marketing creativity and analytical rigor. Effective promotions appeal to 
consumer psychology (Chandon et al., 2000), are targeted to segments 
or individuals (Zhang & Wedel, 2009), and are timed and framed to 
maximize incremental revenue (van Heerde et al., 2004; Li & Chen, 2024). 
The discount mechanics have evolved from simple sales to sophisticated, 
tech-enabled systems of coupons, flash sales, and loyalty rewards. Yet, the 
goals remain rooted in classic marketing principles: attract new customers, 
reward loyal ones, move products, and respond to competition – all while 
safeguarding long-term profitability and brand equity (Mela et al., 1997; 
Shankar & Bolton, 2004). Achieving these goals increasingly relies on data-
driven analytics for forecasting and yield management, which we turn to 
next.

4. Analytics for Demand Forecasting and Yield Management

Underpinning both dynamic pricing and promotions is the need for robust 
demand forecasting and yield management analytics. Demand forecasting in 
retail entails predicting future sales for products over various horizons (daily, 
weekly, seasonally) so that pricing and inventory decisions can be optimized 
(Fildes et al., 2022). Yield management, a concept originating in the airline 
and hospitality industries, refers to the practice of dynamically managing 
prices and inventory (or capacity) to maximize revenue from a fixed, 
perishable resource (Smith et al., 1992). In online retail, yield management 
principles translate to deciding how to price and allocate inventory over 
a product’s life cycle – for example, how to time markdowns for seasonal 
products, or how to balance selling through inventory versus preserving 
margin. While an airline seat expires after the flight, retail products also 
have “perishability” in the sense of fashion obsolescence or technology 
depreciation. The analytical challenge is to use data to make intertemporal 
trade-offs: selling more now at a lower price vs. potentially selling later at a 
higher price (Gallego & Topaloglu, 2019; Su, 2007).

Demand forecasting has become increasingly data-driven and granular 
in online retail. Traditional retail forecasting methods (time series models, 
exponential smoothing, etc.) are being augmented by machine learning 
techniques that can handle the complexity of e-commerce data – which may 
include search trends, website traffic, price changes, and even social media 
signals (Fildes et al., 2022). Fildes et al. (2022) review retail forecasting 
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research and note that large online retailers leverage big data and advanced 
algorithms to forecast demand at the SKU level with high frequency, yet they 
also emphasize that forecast accuracy remains challenging due to volatility 
and the impact of promotions. Indeed, one major complication is that 
dynamic pricing and promotions themselves influence demand, creating a 
feedback loop: when prices change or promotions occur, they shift demand 
patterns, making forecasting a moving target (Talluri & van Ryzin, 2004; 
Chen & Chen, 2015). To address this, retailers build forecasting models 
that incorporate price elasticities and promotion effects explicitly. For 
example, a forecasting model might include variables for whether an item 
is on promotion, the discount depth, and competitor pricing levels, thereby 
predicting baseline demand and adjusted demand under various price 
scenarios (Ferreira et al., 2016; Talluri & van Ryzin, 2004). Such integration 
of marketing mix variables into forecasting is essential for price optimization, 
as the retailer needs to anticipate how a price change will affect sales.

A notable illustration comes from Ferreira et al. (2016), who worked with 
the flash-sale retailer Rue La La. In flash sales (time-limited sales of fashion 
items), forecasting demand is notoriously difficult because each “event” offers 
new products with no sales history. Ferreira et al. (2016) developed a two-
stage analytics approach: first, a demand prediction model for new products 
using regression trees and other machine learning methods on attributes 
(like product category, brand, etc.), and second, a price optimization model 
that uses those demand forecasts to choose optimal prices for maximizing 
revenue or sell-through. Their approach effectively combined forecasting 
and optimization, yielding an estimated revenue increase for the retailer 
when implemented. This case exemplifies how yield management is applied 
in online retail: by forecasting how fast an item will sell at different prices, the 
retailer can decide on initial pricing and when (or if) to markdown later. If 
an item is predicted to sell out quickly, it might warrant a higher initial price; 
if an item is predicted to lag, an earlier markdown could capture additional 
revenue from price-sensitive customers (Ferreira et al., 2016). The concept 
of sell-through forecasting – predicting what percentage of stock will sell 
at full price – is vital for inventory management and markdown planning 
in fashion e-commerce (Ferreira et al., 2016; Gallego & Topaloglu, 2019).

Yield management analytics in retail also involve optimization models 
that allocate inventory across channels or time periods. For instance, a 
retailer with limited stock of a popular product must decide how to allocate 
that stock across its online channel and perhaps multiple marketplaces 
or physical stores, and at what prices in each, to maximize overall yield. 
Techniques from operations research, like linear programming and dynamic 
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programming, are employed to solve these allocation and pricing problems 
(Talluri & van Ryzin, 2004; Gallego & Topaloglu, 2019). One classical result 
from yield management is the newsvendor model for optimal inventory 
under uncertain demand, which has analogies in pricing: the seminal work 
by Gallego and van Ryzin (1994) provided an optimal dynamic pricing 
strategy for selling inventories over time under stochastic demand. In online 
retail, these models form the basis for clearance pricing: as the end-of-
season approaches, the retailer updates prices based on remaining stock and 
updated demand forecasts to maximize expected revenue from the remaining 
inventory (Bitran & Caldentey, 2003). If demand turned out weaker than 
expected, yield management dictates implementing markdowns to boost 
sales before the product value diminishes further (Su, 2007). Conversely, if 
demand is strong and inventory is low, a retailer might scarcity price (either 
not discount at all or even raise prices if feasible) to ration the remaining 
stock to the highest-value buyers (Elmaghraby & Keskinocak, 2003).

The digital environment provides rich data for real-time yield 
management adjustments. Retailers can monitor sales velocities live and 
compare against forecasts. If a product is selling much faster than forecast 
(stockout risk), dynamic pricing algorithms might increase its price or at 
least avoid any discounting, thus stretching the inventory (Chen & Chen, 
2015). This is analogous to how airlines raise fares as seats get booked. 
On the other hand, if a product is underperforming, an early intervention 
via a promotion or price cut can prevent leftover stock at the end of the 
season. The timing of such interventions is critical and can be optimized via 
analytics simulations: for example, a retailer can simulate the expected profit 
of marking down a product by 20% four weeks before season-end versus 
40% two weeks before season-end, taking into account strategic consumer 
behavior (some consumers will buy at 20% off who might have waited 
for 40% off, etc.). Su (2007) addresses this scenario by modeling strategic 
customers and showing that committing to an advance discount policy (like 
a pre-announced clearance sale) can alter consumer behavior in the retailer’s 
favor under certain conditions, though at the risk of revenue loss if not 
managed well. Retailers today sometimes pre-announce end-of-season sale 
dates to create urgency and lock in purchases from deal-prone customers 
earlier (thus managing the strategic waiting problem), a tactic supported by 
such analytical insights.

Another area where analytics is transforming retail yield management is 
assortment and pricing optimization. Retailers have to decide not just prices 
but which products to offer (the assortment) given limited space or attention 
span of consumers. Analytics can help identify, for example, that carrying too 
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deep an assortment in a category may dilute demand for any single item. By 
forecasting the demand contribution of each product and its substitutability 
with others, models can optimize the set of products and their prices to 
maximize total category revenue (Gallego & Topaloglu, 2019). In an online 
context, “virtual shelf space” is not a physical constraint, but consumer 
attention is limited, so e-commerce sites use recommendation algorithms 
to effectively curate what products get visibility. Those algorithms indirectly 
play a yield management role: pushing higher-margin or overstocked items 
more prominently to sell those through, while throttling exposure of items 
that are selling too fast to avoid premature stockouts. All these decisions rely 
on predictive analytics about demand and sophisticated optimization behind 
the scenes.

Importantly, the success of pricing and promotion strategies hinges on 
forecast accuracy and analytical calibration. Fildes et al. (2022) note that 
even minor improvements in forecast accuracy can lead to substantial profit 
gains in retail, due to the scale of operations and the tight coupling between 
forecasts and decisions. Conversely, forecast errors can cause lost sales (if 
forecasts are too low, leading to stockouts) or markdown waste (if forecasts 
are too high, leading to excess inventory). Online retailers thus invest heavily 
in analytics talent and systems, often deploying AI-driven forecasting systems 
that are retrained frequently with the latest data, and employing real-time 
dashboards for inventory and sales monitoring. The COVID-19 pandemic, 
for instance, caused massive forecasting disruptions, leading retailers to 
update models to account for structural breaks and incorporate external data 
(Fildes et al., 2022). The lesson is that yield management in retail is an 
active, ongoing process of sensing and responding sensing demand shifts 
and responding with pricing or promotional actions.

From a marketing science perspective, integrating marketing analytics 
with operations analytics is the frontier of retail revenue optimization. 
This integration means the models that set prices and plan promotions 
are informed by marketing variables (consumer segments, brand effects, 
promotion responses) as well as operational ones (inventory levels, supply 
constraints). Chen and Chen (2015) highlight the development of dynamic 
pricing research that now often includes competition and multi-product 
interactions – factors very relevant to retail. For example, a retailer shouldn’t 
price products in isolation; cross-elasticities (how a promotion on one 
product affects sales of another) matter. If promoting Product A cannibalizes 
Product B, a yield management approach would consider the net effect on 
the category. Retailers use market-basket analysis and price elasticity matrices 
to predict such interactions, optimizing a portfolio of prices or promotions 
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rather than one at a time (Bitran & Caldentey, 2003; Chen & Chen, 2015). 
The complexity can grow exponentially with assortment size, which is why 
heuristic and AI methods (genetic algorithms, etc.) are sometimes applied 
for large-scale price optimization that accounts for complementary and 
substitute relationships among products (Gallego & Topaloglu, 2019).

In conclusion, analytics for demand forecasting and yield management 
provide the quantitative foundation for dynamic pricing and promotions. 
Accurate forecasts enable proactive pricing – anticipating demand surges 
or lulls – and effective yield management ensures inventory is converted to 
revenue at the highest possible margin (Smith et al., 1992; Ferreira et al., 
2016). By using advanced models that learn from data, online retailers can 
implement evidence-based strategies: when to run a promotion, by how 
much to markdown, which items to highlight, and how to adjust prices 
continuously. The result is a more efficient matching of supply with demand, 
benefiting both retailers (through higher revenue and less waste) and 
consumers (through better availability and timely deals). As both consumer 
behavior and the competitive environment continue to evolve, retailers must 
maintain agile analytics capabilities – a theme we reinforce in the conclusion, 
along with emerging considerations such as fairness, transparency, and long-
term customer impact. 

5. Conclusion

Dynamic pricing, promotions, and revenue optimization in online retail 
represent a rich interplay between data-driven algorithms and consumer 
behavior insights. Through this chapter, we have seen that dynamic pricing 
algorithms empower retailers to adjust to market conditions in real time, 
leveraging techniques from machine learning and operations research 
to continuously learn and optimize prices (Den Boer, 2015; Nowak & 
Pawłowska-Nowak, 2024). These algorithms can significantly increase 
revenue and efficiency by finely tuning prices to demand, yet they must be 
implemented thoughtfully, keeping consumer trust in mind (Vomberg et al., 
2024; Xia et al., 2004). In parallel, promotional strategies provide powerful 
levers for stimulating demand and segmenting the market. Promotions—
ranging from broad holiday sales to personalized coupons—help online 
retailers achieve tactical goals like customer acquisition and inventory 
reduction, but they come with the responsibility of preserving long-term 
brand value and not over-relying on discounts (Mela et al., 1997; Li & 
Chen, 2024). The mechanics of promotions in e-commerce have become 
highly sophisticated, with digital tools enabling precise targeting and novel 
discount formats, yet the old adage remains: the best promotion is one that 
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attracts genuinely incremental sales and strengthens customer relationships 
(Chandon et al., 2000; Zhang & Wedel, 2009).

A recurring theme is the integration of analytics into decision-making. 
Modern online retailing is, in essence, a data science application. Demand 
forecasting and yield management analytics inform both pricing and 
promotions by predicting outcomes and optimizing decisions under 
uncertainty (Fildes et al., 2022; Gallego & Topaloglu, 2019). The chapter 
highlighted how retailers like Rue La La used predictive models to set prices 
for flash sales (Ferreira et al., 2016), and how marketing scientists advocate 
incorporating factors like strategic consumer behavior and competition 
into pricing models (Su, 2007; Chen & Chen, 2015). This integration 
of marketing and operations analytics ensures that revenue optimization 
strategies are not myopically focused on immediate gains but also account 
for consumer responses and competitive dynamics. It exemplifies the 
interdisciplinary nature of marketing science in the context of online retail: 
effective solutions draw on econometrics, machine learning, behavioral 
economics, and more.

Looking forward, several emerging directions stand out. First, the rise 
of artificial intelligence and automation will likely further enhance dynamic 
pricing precision – for example, using deep learning to detect patterns or 
using real-time experimentation (multi-armed bandit algorithms) at scale 
to discover optimal prices (Nowak & Pawłowska-Nowak, 2024; Shin et 
al., 2023). Second, personalization will continue to grow, blurring the line 
between promotion and price: we can expect increasingly individualized 
offers and prices, raising both effectiveness and ethical questions. There is 
active research on how to personalize pricing without breaching fairness 
or triggering customer backlash, potentially via approaches like transparent 
segmentation or self-selection mechanisms (Vomberg et al., 2024; Xia 
et al., 2004). Third, regulatory and consumer pressure may shape how 
dynamic pricing and promotions evolve. Already, there are discussions about 
algorithmic pricing leading to unintended outcomes like tacit collusion or 
discrimination, which could invite regulation. Retailers might preempt this 
by adopting “responsible pricing” guidelines – ensuring, for instance, that 
certain essential products have stable pricing or that promotions are not 
misleading. Marketing scholars and practitioners will need to work together 
to define best practices that marry profitability with fairness and transparency.

From a humanistic perspective, the challenge is to use these powerful 
tools to create value for both the firm and the customer. When done 
right, dynamic pricing can improve market efficiency – matching supply 
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with demand so that products find the customers who value them most, 
while reducing waste (Besbes & Zeevi, 2009; Talluri & van Ryzin, 2004). 
Promotions can be win-win as well – introducing consumers to new products 
at lower risk or giving budget-conscious customers access to offerings 
they might not afford at full price (Chandon et al., 2000). The key is fine-
tuning the strategy: offering the right discount to the right customer at 
the right time and setting the right price for the right context. This is the 
essence of revenue management in retail. Through continuous learning and 
adaptation, informed by academic research and real-world experimentation, 
online retailers can achieve a sustainable revenue optimization strategy. They 
can avoid the pitfalls of over-discounting or erratic pricing and instead foster 
customer trust – for example, by communicating how prices are determined 
or by ensuring loyalty is rewarded even in a dynamically priced environment 
(Grewal et al., 2011; Vomberg et al., 2024).

In conclusion, dynamic pricing and promotions are not antagonistic but 
complementary components of a holistic revenue optimization approach in 
online retail. The scientific insights from marketing and related fields provide 
guidelines on how to implement these tactics effectively: use data and 
models to guide decisions (Ferreira et al., 2016; Fildes et al., 2022), remain 
cognizant of consumer psychology and fairness (Xia et al., 2004; Vomberg 
et al., 2024), and continuously evaluate outcomes to refine strategies (Den 
Boer, 2015; Zhang & Wedel, 2009). The online retail landscape is fast-paced 
and competitive, but with a strategic blend of real-time pricing algorithms 
and well-crafted promotions, retailers can dynamically adjust their sails 
to the winds of market demand. This dynamic adaptability, anchored in 
rigorous analysis and human-centric marketing principles, will define the 
retailers that succeed in maximizing revenue and customer satisfaction in the 
digital marketplace.
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