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This article explores how dynamic pricing algorithms are
reshaping global online retail, focusing on their ability to
optimize prices in real time and adapt to uncertain market
conditions. The central question guiding this review is how
algorithmic approaches influence revenue performance,
consumer behavior, and market competition. Using a
systematic literature review, the study synthesizes research
across operations research, economics, and marketing to
map key themes. The results show that learning-based
models effectively balance exploration and exploitation,
while feature-driven approaches integrate high-dimensional
data for personalized pricing. Discussion highlights both
opportunities and risks: algorithms enhance efficiency and
profitability but may also trigger tacit collusion, instability,
and consumer concerns about fairness and transparency.
The findings suggest that successful implementation
requires balancing technical sophistication with ethical
safeguards, operational integration, and regulatory
oversight. Ultimately, dynamic pricing’s transformative
potential lies in aligning efficiency gains with consumer trust
and market accountability.
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1. Introduction

Dynamic pricing has become a core capability in global online retail, where
high-frequency demand signals, granular consumer attributes, and algorithmic
control enable prices to adapt in near real time across products, segments, and
geographies. While early revenue-management research optimized prices under
known demand, contemporary platforms face uncertainty about demand response,
competition, and strategic consumer behavior at scale. This shifts the emphasis from
static parameter estimation to learning-while-earning: algorithms must experiment
to identify elasticities while simultaneously extracting revenue (Den Boer, 2015). The
resulting exploration—exploitation trade-oft underpins modern pricing systems and
motivates a literature that blends econometrics, machine learning, and operations
research.

A parallel stream examines how feature-rich data reshape pricing policies.
Rather than pricing at the SKU level with a few covariates, firms increasingly deploy
tfeature-based or personalized policies that map high-dimensional signals—traffic
sources, device, inventory position, and competitor quotes—into price
recommendations (Cohen et al., 2020; Bertsimas & Kallus, 2020). These approaches
promise material gains but raise questions about bias propagation, overfitting, and
robustness when environments shift. Empirically, large retailers report measurable
uplifts when integrating demand forecasting with optimization engines that react to
seasonality, promotion calendars, and stock constraints (Ferreira et al., 2010),
suggesting that organizational data pipelines and operational constraints are as

critical as algorithm choice.
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Market-facing dynamics complicate deployment. On marketplace platforms,
algorithmic sellers interact repeatedly, and adaptive pricing policies can create
unintended coordination, affecting welfare and regulatory scrutiny (Calvano et al.,
2020). Field evidence on third-party marketplaces indicates substantial heterogeneity
in automated pricing tool behavior and outcomes, with implications for both price
levels and volatility (Chen et al., 2016). For global retailers, additional complexity
arises from cross-country demand heterogeneity, currency movements, and
regulatory variation, which challenge the portability of learned policies and the
stability of price elasticities.

Against this backdrop, a systematic literature review can clarify constructs,
methods, and empirical regularities in algorithmic pricing for online retail.
Specifically, it synthesizes (i) learning frameworks that balance exploration and
exploitation under parametric and nonparametric demand models (Keskin & Zeevi,
2014; Den Boer, 2015), (i) feature-based and prescriptive analytics that connect
predictive models to price decisions at scale (Bertsimas & Kallus, 2020; Cohen et al.,
2020), and (iii) market-level effects, including competition and potential algorithmic
collusion (Calvano et al.,, 2020). By integrating theoretical, methodological, and
empirical strands, the review delineates when algorithmic pricing improves revenue
and consumer surplus, where it risks instability or tacit coordination, and how
implementation choices—data architecture, guardrails, and monitoring—shape
performance in global retail settings (Ferreira et al., 2016; Chen et al., 2016). The
contribution is a structured map of the field and a set of design and governance

implications for retailers pursuing scalable, accountable dynamic pricing.
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2. Literature Review

The literature on dynamic pricing in online retail integrates perspectives from
operations research, economics, and computer science. Foundational work frames
dynamic pricing as a learning problem, where firms must simultaneously estimate
demand response and optimize prices under uncertainty (Keskin & Zeevi, 2014; Den
Boer, 2015). These studies emphasize the exploration—exploitation trade-oft and
demonstrate how adaptive algorithms can outperform static approaches by
continually refining elasticity estimates.

Beyond learning-based frameworks, research has advanced toward feature-
based and data-driven methods. Machine learning models now incorporate high-
dimensional signals—ranging from consumer demographics to competitor prices—
to improve prediction and optimization (Cohen et al., 2020; Bertsimas & Kallus,
2020). These approaches move from descriptive to prescriptive analytics, embedding
forecasting outputs into automated decision systems. However, scholars caution that
such methods face challenges related to data sparsity, overfitting, and robustness
when consumer preferences or market conditions shift (Mak et al., 2014; Ferreira et
al.,, 2010).

Competition and market-level dynamics form another major research stream.
Studies demonstrate that when multiple retailers deploy algorithmic pricing tools,
unintended coordination and tacit collusion can emerge, raising concerns about
consumer welfare and regulation (Ezrachi & Stucke, 2017; Calvano et al., 2020).
Empirical work on e-commerce platforms shows substantial heterogeneity in pricing

strategies, with some sellers adopting highly adaptive algorithms while others rely on
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simpler heuristics (Chen et al., 2016). This variation influences volatility, margins,
and the intensity of competition across markets.

The organizational and ethical dimensions of dynamic pricing are also
important. Pricing systems interact with inventory management, promotion
schedules, and supply chain constraints, highlighting that operational integration is
crucial for effectiveness (Ferreira et al., 2016; Gao & Su, 2017). At the same time,
fairness and transparency have become central concerns, as opaque algorithms risk
consumer backlash and regulatory intervention. Research emphasizes that
incorporating safeguards for explainability and accountability is critical to sustaining
consumer trust (Gallego & Topaloglu, 2019).

Overall, prior studies underscore both the promise and risks of algorithmic
pricing. Adaptive, data-rich models enhance profitability and responsiveness, yet
they also raise concerns about transparency, fairness, and systemic stability. These
insights motivate a systematic review that synthesizes fragmented evidence and

identifies pathways for designing accountable pricing systems in global retail.

3. Methods

This study adopts a systematic literature review approach to synthesize
academic research on dynamic pricing algorithms in global online retail. A structured
search was conducted across leading databases, including Scopus, Google Scholar,
Web of Science, and ScienceDirect, using keyword combinations such as “dynamic
pricing”, “algorithmic pricing”, “e-commerce”, and “online retail”. Only peer-

reviewed journal articles and book chapters were included to ensure scholatly rigor,
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while conference papers, industry reports, and non-academic sources were excluded.
Screening proceeded in stages, beginning with titles and abstracts to assess relevance,
tollowed by full-text analysis of the remaining studies.

Data extraction focused on capturing study objectives, theoretical
trameworks, methodological approaches, and findings related to learning-based
pricing, feature-driven models, competitive dynamics, and implementation
challenges. The selected studies were then coded into thematic categories, enabling
comparison across research streams. This structured process ensured consistency,
minimized bias, and provided a foundation for identifying both established insights

and gaps in the literature on algorithmic pricing in online retail.

4. Results and Discussion

The systematic review highlights that dynamic pricing in online retail is
fundamentally shaped by advances in learning algorithms, feature-based modeling,
and the integration of operational and ethical considerations. Across the literature,
one of the most consistent findings is that adaptive algorithms significantly
outperform static pricing by continuously updating demand estimates and
optimizing prices in response to real-time data. Learning-based approaches such as
semi-myopic or bandit models effectively balance exploration and exploitation,
allowing firms to refine price elasticity estimates while still capturing revenue (Keskin
& Zeevi, 2014; Den Boer, 2015). These methods are particulatly effective in
uncertain environments where demand response is initially unknown, underscoring

the role of adaptive experimentation as a core capability of online retail platforms.

37 | Global Journal of Online Marketing



Muarif Sanjaya

Another key result concerns the application of feature-based and machine
learning models, which enable the incorporation of high-dimensional data streams
into pricing policies. Studies show that integrating consumer behavior signals,
competitor quotes, and inventory data enhances predictive accuracy and price
optimization (Cohen et al., 2020; Bertsimas & Kallus, 2020). Such models move
beyond descriptive forecasting by linking predictions directly to prescriptive price
recommendations. However, empirical findings also highlight risks of overfitting,
algorithmic bias, and performance instability when consumer preferences shift
unexpectedly or data sparsity limits generalizability (Ferreira et al., 2016; Kremer et
al.,, 2017). These challenges stress the importance of robust validation and
continuous monitoring,.

Competition dynamics emerge as a critical area of concern. When multiple
retailers deploy adaptive pricing tools, the literature warns of unintended
coordination and tacit collusion. Both theoretical and empirical work suggest that
algorithms adjusting prices in response to rivals may converge to supra-competitive
equilibria, with negative consequences for consumer welfare (Ezrachi & Stucke,
2017; Calvano et al., 2020). Field studies on e-commerce platforms confirm
heterogeneous adoption: while some sellers employ sophisticated automated tools,
others rely on simpler heuristics, producing varying outcomes for price dispersion
and volatility (Chen et al., 2016). These findings raise important regulatory questions
about competition policy in algorithm-driven markets.

Operational integration represents another significant theme. Research

demonstrates that pricing algorithms interact closely with inventory management,
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promotion scheduling, and supply chain logistics (Ferreira et al., 2016; Gao & Su,
2017). For instance, firms adopting omni-channel strategies must align dynamic
pricing with fulfillment constraints to avoid stockouts or excessive markdowns. The
literature also emphasizes the role of demand forecasting and real-time data flows,
showing that robust organizational data infrastructures are as important as algorithm
sophistication (Krafft & Mantrala, 2006). Without strong integration, even advanced
pricing models may fail to deliver consistent results.

Ethical and consumer-facing issues are increasingly addressed in recent work.
Transparency, fairness, and trust emerge as central concerns, particularly in contexts
where consumers perceive algorithms as opaque or manipulative. Studies argue that
consumer acceptance of dynamic pricing depends on perceptions of procedural
tairness and price justifiability (Gallego & Topaloglu, 2019). Moreover, research on
personalized pricing shows mixed outcomes: while data-driven pricing can target
discounts effectively, it may also exacerbate inequities if firms leverage granular
consumer information for discriminatory pricing (Shiller, 2013). These debates
underline the need for governance frameworks that incorporate ethical safeguards
into algorithmic systems.

Overall, the results suggest that dynamic pricing algorithms offer substantial
potential to improve efliciency, responsiveness, and profitability in global online
retail. Yet they also introduce risks related to collusion, fairness, and implementation
challenges. The discussion reveals that success depends not only on algorithm design
but also on the institutional, regulatory, and consumer contexts in which these

systems operate. Future research should thus move beyond isolated algorithmic
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models to consider holistic frameworks that integrate competition policy, ethics, and

operational realities in shaping accountable and effective pricing practices.

5. Conclusion

This review shows that dynamic pricing in global online retail has evolved
into a sophisticated socio-technical system that blends machine learning,
econometrics, and operational integration. Core contributions of the literature
highlicht how adaptive algorithms can refine elasticity estimates in real time,
outperforming static approaches and delivering measurable revenue gains. Feature-
based models further extend these benefits by leveraging high-dimensional data,
enabling more granular and personalized pricing strategies. Yet, the evidence also
cautions against overfitting, instability, and challenges in environments with shifting
demand or limited data, underscoring the need for robust validation and monitoring
mechanisms.

At the market level, algorithmic competition introduces both efficiency and
risk. While pricing algorithms can increase responsiveness and consumer choice,
their interaction across firms may lead to tacit collusion or price coordination, raising
important regulatory concerns. Empirical findings suggest heterogeneity in
adoption, where some sellers rely on advanced automated systems while others
continue with simple heuristics, producing mixed effects on price dispersion and
market stability. These dynamics illustrate that algorithmic pricing cannot be studied
in isolation but must be evaluated in the broader context of competition policy,

consumer welfare, and platform governance.
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Finally, the literature increasingly addresses ethical and consumer-facing
dimensions of dynamic pricing. Studies emphasize that consumer acceptance
depends heavily on perceptions of fairness, transparency, and justifiability of pricing
practices. Personalized pricing, if poorly managed, risks undermining trust by
reinforcing inequities or exploiting consumer vulnerabilities. As such, future
research and practice must integrate ethical safeguards, regulatory oversight, and
organizational design to ensure accountability. The main finding is clear: the
transformative potential of dynamic pricing lies not only in algorithmic
sophistication but in aligning technical efficiency with fairness, operational

integration, and long-term consumer trust.
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