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E-COMMERCE BUSINESS ANALYTICS APPLICATIONS: A CASE STUDY FOR
RETAIL SECTOR IN TURKIYE

ABSTRACT

This study investigates the impact of business analytics adoption on sales performance in the
e-commerce sector, using X company as a case study. Leveraging monthly sales data from
2021 to January 2025, the research applies quantitative methods including multiple linear
regression and ARIMA-based time-series forecasting to evaluate both the effect and predictive
accuracy of analytics tools post-adoption. The regression model examines key internal and
external factors such as purchasing power, industry growth, seasonality, and retail branch
expansion. While the dummy variable capturing post-2021 analytics adoption was not
statistically significant, the findings highlight seasonality as a major sales driver. ARIMA
forecasting results for 2024 closely align with actual figures, indicating strong predictive
capabilities of Company X’s analytics systems. The study concludes that although analytics
adoption may not directly boost sales in the short term, it enhances planning accuracy and
operational responsiveness. Recommendations are provided to help business managers
strategically embed analytics into decision-making processes, emphasizing alignment with
business goals, data quality, and cultural readiness.

Keywords: Business Analytics, E-commerce, Sales Forecasting, Data-Driven Strategy.



E-TICARET i$ ANALITIGI UYGULAMALARI: TURKIYE PERAKENDE
SEKTORU ICIN BIR VAKA CALISMASI

OZET

Bu ¢alisma, is is analitigi (business analytics) benimsemesinin e-ticaret sektoriinde satis
performansi iizerindeki etkisini X sirketi 0rnegi tlizerinden incelemektedir. 2021°den Ocak
2025’e kadar aylik satis verileri kullanilarak, arastirmada ¢oklu dogrusal regresyon ve ARIMA
temelli zaman serisi tahmini gibi nicel yontemler uygulanarak analitik araglarin
benimselemesinin etkisi ve tahmin dogrulugu degerlendirilmektedir. Regresyon modeli; satin
alma giicii, sektor bliylimesi, mevsimsellik ve magaza sube sayisi genislemesi gibi temel i¢ ve
dis faktorleri analiz etmektedir. 2021 sonrasi analitik benimsemesini gosteren dummy degisken
istatistiksel olarak anlaml1 olmasa da, bulgular mevsimselligin satiglar1 yonlendiren en 6nemli
etken oldugunu vurgulamaktadir. ARIMA tahmin sonuglari, 2024 ic¢in yapilan tahminlerin
gerceklesen degerlerle yakin uyum sergiledigini gostererek X sirketinin analitik sistemlerinin
giiclii ongdrii kabiliyetini ortaya koymaktadir. Calisma, analitik benimsemenin kisa vadede
dogrudan satiglar1 artirmayabilecegini ancak planlama dogrulugunu ve operasyonel esnekligi
artirdigini sonucuna varmaktadir. Is yoneticilerine, analitigin karar alma siireclerine stratejik
olarak entegre edilmesi; is hedefleriyle uyum, veri kalitesi ve kurumsal kiiltiir hazirligina 6nem
verilmesi hususunda Oneriler sunulmaktadir.
Anahtar Kelimeler: Is Analitigi, E-Ticaret, Satis Tahmini, Veri Odakli Strateji.
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1. INTRODUCTION

The proliferation of e-commerce has transformed global business operations, offering
companies new avenues to reach customers, expand market presence, and optimize processes.
This evolution has been fueled by the widespread adoption of digital platforms and the
immense amounts of data generated through these channels. As a result, businesses are
increasingly leveraging business analytics to extract actionable insights from data, enabling
informed decision-making and competitive advantage (Chen et al., 2012). In this data-driven
era, the integration of decision support systems into e-commerce operations is crucial to
improve strategic outcomes, optimize customer experiences, and anticipate market trends
(Waller & Fawcett, 2013).

Business analytics encompasses a range of techniques, including statistical analysis, data
mining, machine learning, and predictive modeling. In e-commerce, these tools enable
businesses to identify consumer behavior patterns, forecast future trends, and enhance
operational efficiency. For instance, by analyzing customer data, e-commerce businesses can
personalize marketing campaigns, manage inventory effectively, and streamline supply chains
(Gandomi & Haider, 2015). The implementation of such tools transforms raw data into

valuable intelligence, fostering agile and responsive decision-making.

Despite the evident potential of business analytics in e-commerce, significant gaps persist in
the literature. Most existing studies focus on isolated aspects, such as customer behavior
analysis or predictive analytics, without fully exploring their integration into comprehensive
decision-making frameworks. Furthermore, practical challenges such as technological barriers,
data quality issues, and resistance to change within organizations remain underexplored (Cao
et al., 2021). This gap highlights the need for research that bridges the theoretical and practical

aspects of implementing data-driven decision support systems in e-commerce.

This study addresses these gaps by asking the research question: What impact does the
adoption of business-analytics tools have on sales performance and demand-forecast

accuracy in a Turkish e-commerce retailer?

All in all, this study aims to fill a critical gap in the literature by examining the application of
business analytics and data-driven decision support systems in e-commerce. By providing an
integrated framework and addressing practical challenges, the research will offer valuable

insights for academia and industry alike. The findings will serve as a guide for e-commerce



businesses seeking to leverage analytics tools for improved strategic decision-making,

enhanced operational efficiency, and sustained growth.



2. LITERATURE REVEW

2.1 Introduction to E-Commerce

E-commerce (electronic commerce) broadly encompasses commercial activities conducted via
digital networks, primarily the Internet. The rise of e-commerce is deeply intertwined with the
development of the Internet itself, which has evolved significantly since the introduction of
ARPANET in the late 1960s and the subsequent emergence of the World Wide Web in the
early 1990s (Leiner et al., 2009). In this introductory section, we first review a brief history of
the Internet’s evolution and its key concepts, then define e-commerce and survey its major
models, such as business-to-consumer (B2C), business-to-business (B2B), consumer-to-
consumer (C2C), and mobile commerce (Turban et al., 2021). We further discuss the
advantages of e-commerce for both customers—such as convenience, wider selection, and
personalized experiences—and for sellers, including broader market reach and operational cost
savings. However, disadvantages such as cybersecurity threats, data privacy concerns, and
digital divide issues also persist (Laudon & Traver, 2023). Finally, we examine the global e-
commerce landscape and the specific context of e-commerce in Tiirkiye, which has
experienced rapid growth in recent years, supported by strong mobile penetration, a youthful
consumer base, and improvements in digital payment systems (OECD, 2023; Statista, 2024).
Notable platforms such as Trendyol and Hepsiburada dominate the market, operating under
evolving regulatory frameworks that include consumer protection and data privacy laws
aligned with EU standards (UNCTAD, 2023).

A Brief History and Concepts of the Internet

The Internet’s origins trace back to the late 1960s with the ARPANET, a U.S. Defense
Department research network that first demonstrated packet-switching technology (Leiner et
al., 2009). A famous early anecdote often cited as the first online transaction occurred around
1971-1972, when students used ARPANET to arrange a sale of cannabis between MIT and
Stanford—described by historian John Markoff as “the seminal act of e-commerce” (Markoff,
2005). Through the 1970s and 1980s, networks of computers at universities and research
institutions were interconnected, adopting common protocols, most notably TCP/IP in 1983,

which enabled disparate systems to function as a unified global network (Castells, 2010).

A watershed moment came with the creation of the World Wide Web between 1989 and 1991
by Tim Berners-Lee, who introduced HTML and HTTP, thus allowing the display of web pages

and hyperlink navigation (Berners-Lee & Fischetti, 1999). This innovation made the Internet



accessible to the general public, especially with the 1993 release of Mosaic and, later, Netscape
Navigator in 1994, which incorporated Secure Sockets Layer (SSL) encryption to safeguard
online transactions (Greenstein, 2015). That same year marked the first secure online purchase:
a CD of Sting’s Ten Summoner’s Tales via NetMarket in August 1994 (Kosiur, 2001).

The lifting of commercial restrictions by the U.S. National Science Foundation in 1995
catalyzed explosive growth in online business. Companies like Amazon, founded in 1994 by
Jeff Bezos as an online bookstore, and eBay, created by Pierre Omidyar in 1995 as
AuctionWeb, led the way in shaping modern e-commerce (Laudon & Traver, 2023). The
development of secure payment systems such as PayPal (founded in 1998) further fostered
consumer trust in online transactions (Turban et al., 2021). The dot-com boom of the late 1990s
saw an explosion in e-commerce ventures, and although followed by a correction, by the early
2000s, online commerce had firmly cemented its role in the global economy (Brynjolfsson &
Kahin, 2000).

In summary, the evolution of the Internet—from ARPANET to the World Wide Web—Iaid the
essential foundation for e-commerce. Critical innovations such as packet-switching, TCP/IP,
HTML, secure browsing, and online payment systems enabled global commercial activity over
digital networks. These developments underscore how Internet technology directly spurred the

emergence and growth of e-commerce.

2.1.1 Definition of E-Commerce

E-commerce is formally defined as the buying and selling of products or services through
electronic systems and digital networks, chiefly the Internet (Laudon & Traver, 2023). In other
words, e-commerce refers to any commercial transaction that is executed electronically,
involving the transfer of information across the Internet at some point in the transaction’s
lifecycle (Turban et al., 2021). This definition encompasses a broad range of online business
activities—from retail shopping on websites to online banking, digital media purchases, and
business-to-business (B2B) data exchanges (Chaffey, 2015).

In practice, e-commerce leverages numerous related technologies and infrastructure. These
include web platforms for online storefronts, electronic payment systems (such as credit card
payment gateways or digital wallets), electronic data interchange (EDI) for B2B information
exchange, supply chain management software, and Internet marketing tools (Schneider, 2022).
E-commerce transactions may occur via web browsers on computers or mobile apps on

smartphones and tablets. Common examples of e-commerce include purchasing physical goods



from an online retailer—such as buying books on Amazon—or buying digital goods and
services, such as e-books, music, or software downloads. Online marketplaces and auction sites
(like eBay), along with electronic banking and stock trading platforms, also fall within the
scope of e-commerce (OECD, 2020).

It is worth noting that the term “e-commerce” was coined in the 1980s, first appearing in legal
and policy contexts such as the Electronic Commerce Act of 1984 in California (Zwass, 1996).
Since then, the meaning has broadened considerably. Today, e-commerce includes not only
traditional web-based shopping but also newer modalities such as mobile commerce (m-
commerce), social commerce, and conversational commerce—where transactions are initiated
via chatbots, messaging apps, or voice assistants (Kumar et al., 2021). In essence, any
commercial activity or transaction that uses digital connectivity—whether through the open

Internet or private digital networks—can be considered a form of e-commerce.

2.1.2 E-Commerce Models

E-commerce activities can be classified into several models based on the nature of the
transacting parties, the operational structure of the businesses involved, the overarching
business model or niche, and the platform or channel through which transactions occur. This
section outlines e-commerce models along three dimensions: (1) by operational structure (who
is transacting with whom), (2) by business model type, and (3) by platform or channel type
(Turban et al., 2021; Laudon & Traver, 2023).

a) By Operational Structure (B2C, B2B, C2C)

One common way to categorize e-commerce is by the operational structure or the transacting
entities. The major categories are Business-to-Consumer (B2C), Business-to-Business (B2B),
and Consumer-to-Consumer (C2C). Other structures such as Business-to-Government (B2G)
or Consumer-to-Business (C2B) are sometimes identified, but B2C, B2B, and C2C remain the

most prominent (Schneider, 2022).

e Business-to-Consumer (B2C) e-commerce refers to online transactions where
businesses sell directly to end customers. This model is most associated with typical
online shopping, where companies list goods or services on a digital platform (website
or app), and consumers browse, select, and purchase these offerings. B2C encompasses
a wide variety of transactions, from buying books or electronics on Amazon to

streaming a subscription service like Netflix (Laudon & Traver, 2023). Consumers



benefit from convenience, variety, and access to reviews, while businesses gain broad
reach without needing physical storefronts. B2C transactions are usually low in value
per unit and involve quick decision cycles (Chaffey, 2015). Prominent B2C platforms
include Amazon, Alibaba's retail divisions (Tmall, Taobao), Walmart.com, and

countless niche online stores.

e Business-to-Business (B2B) e-commerce involves transactions between businesses.
These typically include wholesalers, manufacturers, or service providers engaging with
other firms through online platforms. For example, a manufacturer might order bulk
supplies via a digital procurement portal, or a company may license enterprise software
through a cloud platform (Turban et al., 2021). B2B commerce often involves larger
order volumes, higher transaction values, and more complex purchasing processes
including negotiations and invoicing. Digital B2B marketplaces enhance efficiency by
expanding supplier access and automating procurement processes. Well-known B2B
platforms include Alibaba.com and industry-specific portals like ThomasNet or Global
Sources (OECD, 2020).

e Consumer-to-Consumer (C2C) e-commerce enables individuals to sell directly to one
another, usually through a third-party platform that facilitates listings, payments, and
communication. The classic C2C example is eBay, where users can auction or directly
sell goods to peers. Other platforms include Craigslist, Facebook Marketplace, and
peer-to-peer marketplaces like Depop or Vinted (Laudon & Traver, 2023). C2C
transactions allow users to monetize unused assets or sell handmade items, but they
also pose challenges in terms of trust, quality control, and fraud prevention. To mitigate
these risks, platforms use reputation systems, buyer/seller ratings, and secure payment
systems (Schneider, 2022).

Other operational structures worth noting include Consumer-to-Business (C2B)—where
individuals provide services to companies (e.g., freelancers on Upwork or Fiverr)—and
Business-to-Government (B2G) or Business-to-Administration (B2A)—where firms sell to
public institutions via e-procurement portals. While significant in certain sectors, these models

are less central in broader e-commerce discussions (Turban et al., 2021; OECD, 2020).

b) By Business Model (Horizontal, Vertical/Niche, Marketplace, Private E-

Commerce, Deal Websites, Brokerage)



Another way to classify e-commerce businesses is by their business model or strategic focus.

This classification evaluates what the e-commerce company sells or how it structures its

marketplace, rather than who the transacting parties are. Key categories in this dimension

include horizontal and vertical e-commerce, online marketplaces, private e-commerce, deal
websites, and the brokerage model (Laudon & Traver, 2023; Turban et al., 2021).

Horizontal E-Commerce refers to businesses offering a broad range of products across
multiple categories, acting as a one-stop shop for consumers. These platforms carry
diverse product lines, appealing to a wide audience without specializing in any single
niche. Examples include Amazon, Alibaba, and Flipkart, all of which provide
everything from electronics to groceries (Schneider, 2022). The strength of this model
lies in its ability to meet various consumer needs in one place, though it requires

extensive logistical management and faces intense competitive pressure.

Vertical E-Commerce, by contrast, involves specialization in a particular industry or
product category. These niche-focused platforms provide tailored experiences and deep
expertise in their chosen domain—such as Chewy.com (pet supplies), Zappos (initially
focused on shoes), or ASOS (fashion for youth demographics). These platforms tend to
foster loyal customer bases and offer curated selections that enhance the overall
shopping experience (Chaffey, 2015). However, they must navigate risks related to
market saturation and competition from generalists who may also offer some of the

same products.

Online Marketplaces are platforms where third-party sellers and buyers interact, with
the platform itself typically not owning inventory but offering infrastructure, payment
processing, and customer service. Marketplaces such as Amazon Marketplace,
AliExpress, Etsy, and Tiirkiye's Trendyol operate by charging commission or listing
fees (OECD, 2020). Marketplaces scale efficiently by expanding seller participation
rather than product lines, although quality control and trust maintenance become key

operational challenges (Laudon & Traver, 2023).

Private E-Commerce can refer to brand-owned digital storefronts (such as Nike.com
or IKEA.com) or to exclusive, members-only platforms offering time-limited discounts
(e.g., Gilt Groupe, Rue La La). These businesses control the customer experience
directly, retain valuable customer data, and -cultivate brand loyalty through

personalization and membership perks (Turban et al., 2021). Nonetheless, private



platforms typically must invest more heavily in marketing to generate traffic compared

to marketplaces, which aggregate demand and supply.

e Deal Websites concentrate on offering significant discounts for a limited time or
quantity. The model was popularized by companies like Groupon and LivingSocial,
and thrives on urgency and perceived exclusivity (Kumar et al., 2021). Deal platforms
attract bargain-seeking consumers and help sellers clear inventory or market to new
customers. However, long-term sustainability is challenging, as it may erode brand
value and compress margins if overused (Schneider, 2022). In Tiirkiye, Yemeksepeti’s
“Sehir Firsat1” was one of the Groupon-style platforms that briefly thrived during the
early 2010s.

e Brokerage Models facilitate transactions between buyers and sellers, earning revenue
through commissions or service fees. While similar to marketplaces, the brokerage
model is broader, encompassing not only goods but also services and financial products.
Online travel agencies like Booking.com and Airbnb, or stock trading platforms like E-
Trade, are notable examples (Chaffey, 2015). E-commerce brokers add value by
reducing transaction and search costs for users and thrive on network effects—the more

users, the more valuable the platform becomes.

Many successful e-commerce companies blend elements of these business models. Alibaba
Group, for instance, operates horizontal marketplaces like Taobao while also owning vertical
businesses. Amazon sells directly to consumers (private e-commerce), hosts third-party sellers
(marketplace), and promotes limited-time discounts (deal-based commerce). Such
hybridization reflects the dynamic strategies employed in the sector, where firms must balance
breadth versus depth, direct versus intermediary selling, and full-price versus discount pricing

to remain competitive (Laudon & Traver, 2023; Turban et al., 2021).
¢) By Platform Type (Mobile E-Commerce, Social E-Commerce)

A third categorization considers the platform or channel through which e-commerce
transactions are conducted. As technology and consumer behavior have evolved, certain sub-
models of e-commerce are distinguished by the medium of interaction (Laudon & Traver,
2023; Turban et al., 2021):

e Mobile E-Commerce (M-Commerce): This refers to online commercial transactions
conducted via mobile devices — primarily smartphones and tablets. With the mass

adoption of smartphones and mobile Internet, m-commerce has become a dominant



mode of e-commerce globally in recent years (Insider Intelligence, 2023). Mobile e-
commerce encompasses shopping on mobile-optimized websites as well as through
dedicated mobile apps. It also includes in-app purchases and the use of mobile wallets
or payment apps to complete transactions (Deloitte, 2022). The importance of m-
commerce is underscored by statistics: for example, a significant portion of e-
commerce traffic and sales now comes from mobile users (in many markets, well over
half of online retail visits are on mobile) (Statista, 2024). Companies often adopt a
“mobile-first” strategy, designing the user experience for small touchscreens,
simplifying checkout (features like one-click payments or stored credentials), and
leveraging mobile features such as push notifications and location-based offers
(McKinsey & Company, 2023). Mobile payment systems (like Apple Pay, Google Pay,
or local solutions) and shopping apps (like the Amazon app, or Alibaba’s Aliexpress
app) facilitate m-commerce. In Tirkiye, as mobile penetration is high, leading
platforms such as Trendyol and Hepsiburada report a majority of their orders coming
from mobile apps, reflecting the broader trend that consumers increasingly prefer the
convenience of shopping on their phones (Euromonitor International, 2023). M-
commerce has also enabled new contexts for buying — consumers can shop on-the-go,

and retailers can use SMS or app notifications to engage customers in real time.

Social E-Commerce (Social Commerce): Social e-commerce blends online shopping
with social media and user-generated content. It involves using social networks and
online social platforms to facilitate buying and selling. This can happen in several
forms: social media marketplaces (for instance, Facebook Marketplace or Instagram’s
shopping feature where products are listed directly on the platform), social shopping
platforms that allow sharing and discussing products (such as Pinterest’s Buyable Pins
in the past, or Polyvore which allowed collaborative style boards), and influencer-
driven commerce where social media influencers promote products and provide links
for followers to purchase (Accenture, 2022). Social commerce leverages the trust and
engagement of social networks — recommendations come from friends or influencers
rather than traditional advertising, which can increase conversion if done authentically
(PwC, 2023). For example, a user might discover a clothing item on Instagram through
a brand’s post or an influencer’s story, and can buy it without even leaving the
Instagram app, creating a seamless social-to-purchase experience. Additionally, many

brands encourage social sharing of purchases or reviews, turning customers into brand



advocates. Social e-commerce is particularly powerful in categories like fashion,
beauty, and home décor, where visual inspiration drives sales (McKinsey & Company,
2022). In China, social commerce has been hugely successful with platforms like
WeChat (where businesses run stores within the app) and XiaoHongShu (Red), and
live-streaming sales on apps like Taobao Live. Globally, platforms such as TikTok are
also experimenting with integrated shopping features. Social e-commerce is not a
separate business model per se (it often still is B2C or C2C transactions at the core),
but it represents a strategy of meeting customers where they socialize, reducing friction

between social discovery and purchase.

e Conversational Commerce (related to platform type): Although not explained in the
outline, it’s worth noting as a modern channel. This involves conducting e-commerce
via conversational interfaces like chatbots or voice assistants. For example, purchasing
a product by chatting with a bot on WhatsApp or Facebook Messenger, or ordering
items through voice commands to Amazon’s Alexa. Conversational commerce merges
with both mobile and social realms and reflects an emerging platform where the
“storefront” is a conversation rather than a webpage. The Wikipedia entry on e-
commerce notes the rise of conversational commerce via live chat, chatbots, and voice

assistants as part of contemporary e-commerce.

In summary, e-commerce can be viewed through multiple lenses. By understanding the various
models — operational structures (B2C, B2B, C2C), business orientations (horizontal, vertical,
marketplace, deals, etc.), and platform types (mobile, social) — we get a comprehensive picture
of the e-commerce landscape. Many successful e-commerce enterprises operate at the
intersection of these models (for instance, a B2C horizontal marketplace with strong mobile
and social presence). These classifications are not mutually exclusive but rather provide a
framework for analyzing how e-commerce businesses organize and strategize their digital

commerce operations.

2.2 Advantages of E-Commerce (for Customers and Sellers)

E-commerce has transformed the marketplace by offering several significant advantages to
both consumers (customers) and businesses (sellers). This section outlines the key benefits for

each group.

Advantages for Customers: From a customer’s perspective, e-commerce provides

unparalleled convenience and choice (Laudon & Traver, 2023). Shoppers can browse and
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purchase products anytime, anywhere without the need to travel to a physical store, as long as
they have an Internet connection (OECD, 2020). Online stores are open 24/7, and the whole
world of products is accessible from one’s home or mobile device. This saves time and effort,
particularly for people in remote areas or with busy schedules. Moreover, e-commerce
platforms give consumers access to a wider range of products and services than might be
available locally (Statista, 2023). A customer can explore inventory from multiple vendors and
even multiple countries quickly, effectively breaking down geographical barriers in shopping
(UNCTAD, 2023).

E-commerce also empowers consumers with information and decision tools (Schneider, 2022).
Before making a purchase, customers can easily research product details, read reviews and
ratings from other buyers, and compare prices across different online retailers (Chaffey, 2015).
This transparency helps buyers make more informed decisions and often find better deals.
User-generated content — reviews, Q&A, social media discussions — adds a layer of trust and
insight that traditionally would have been hard to access prior to purchase (PwC, 2023).
Additionally, online retailers frequently offer promotions, discounts, and loyalty programs that
can make prices very competitive; consumers can take advantage of coupon codes, flash sales,
and bundle deals that are communicated digitally (KPMG, 2022). Because online sellers save
on some costs associated with physical retail, they can sometimes pass on savings in the form

of lower prices to customers (though this varies) (McKinsey & Company, 2023).

Another advantage is product discovery and personalization (Turban et al., 2021). E-commerce
platforms often use recommendation algorithms to suggest products based on a consumer’s
browsing and purchase history (“Customers who bought X also bought Y’), which can help
customers find relevant products they might not have discovered on their own. The online
shopping experience can be highly personalized, with retailers tailoring marketing emails or
homepage displays to individual preferences. Furthermore, online stores provide rich product
information — detailed specifications, multiple photos, demo videos, and even augmented
reality try-on tools — far more than what might fit on a shelf tag in a store (Deloitte, 2022). For
example, apparel websites now offer virtual fitting rooms or size recommendation tools to
assist customers in making choices, addressing one of the traditional limitations of buying

remotely (not being able to try on).

In summary, customers benefit from e-commerce through greater convenience, broader
selection, competitive pricing, information richness, and personalized shopping experiences.

These factors collectively improve consumer satisfaction and can save time and money for
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shoppers. As one analysis puts it, e-commerce gives consumers power and flexibility that were

not possible in the era of brick-and-mortar-only retail (Accenture, 2021).

Advantages for Sellers (Businesses): E-commerce provides numerous benefits to businesses
and merchants as well. First and foremost is expanded market reach. An online store is
accessible to anyone in the world, vastly enlarging the potential customer base beyond the local
footprint of a physical storefront (Laudon & Traver, 2023). Small businesses can reach national
or international audiences through e-commerce channels. This ability to overcome
geographical limitations means increased sales opportunities and exposure to new markets
(UNCTAD, 2023).

E-commerce can also offer lower operational costs compared to traditional retail. Maintaining
a virtual storefront is often cheaper than operating multiple brick-and-mortar stores with their
associated rent, utilities, and staffing costs (OECD, 2020). While e-commerce has its own costs
(website development, digital marketing, fulfillment logistics), many expenses scale more
efficiently (Schneider, 2022). For example, one centralized warehouse and an e-commerce site
can sometimes serve an entire country, as opposed to needing physical shops in every locality.
Automation in online processes (like electronic ordering and payment) reduces the need for as
many sales personnel. Overall, businesses can streamline operations and reduce transaction
costs by selling directly online. In B2C e-commerce, for instance, manufacturers or brands can
“skip intermediaries” such as wholesalers or distributors and sell directly to consumers,
potentially capturing a higher margin and lowering prices for consumers simultaneously
(Chaffey, 2015). This disintermediation, enabled by the Internet, improves efficiency in the
supply chain — both sellers and buyers can benefit from fewer mark-ups and a more direct

connection (Turban et al., 2021).

Another key advantage is the ability for businesses to leverage data and analytics from e-
commerce. Online interactions leave a rich trail of data about customer behavior: what products
are viewed, what gets added to cart, where customers drop off in the process, etc. Companies
can collect and analyze this data to gain insights into consumer preferences, optimize their
pricing and inventory, and personalize marketing (McKinsey & Company, 2023). Such data-
driven decision-making helps improve sales conversions and customer retention (we will
discuss this more in Section 2). Additionally, e-commerce platforms allow agile marketing and
scalability. Sellers can launch new products online and get immediate feedback on their
popularity, run targeted digital advertising campaigns with precise tracking of ROI, and quickly

adjust website content. Scaling up (or down) an online operation can be faster than doing the
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same with physical stores — adding server capacity or integrating with new shipping providers

is often simpler than building new storefronts (Deloitte, 2022).

E-commerce also enhances aspects of customer relationship management and service. Through
direct online interaction, companies can communicate with customers via email, chat support,
or social media to handle inquiries or issues, often more efficiently than in-person service
(Salesforce, 2023). Automated systems can send order confirmations, shipping updates, and
gather post-purchase reviews, keeping customers informed and engaged. Many businesses find
that an online presence increases customer loyalty because of features like customer accounts,
wishlists, and tailored recommendations, which create a more engaging shopping relationship.
Moreover, smaller enterprises can appear more “equal” to larger competitors online — a well-
designed website can confer credibility and help a small company compete side-by-side with
big retailers in search engine results or online marketplaces (Accenture, 2021).

Finally, e-commerce proved its resilience and adaptability during situations like the COVID-
19 pandemic. Businesses with strong e-commerce channels were able to continue operations
despite lockdowns and store closures, highlighting e-commerce as a strategic advantage in
ensuring business continuity (OECD, 2021). Even outside of such crises, having an online sales
channel diversifies revenue streams for a seller, reducing dependence on foot traffic and local

economic conditions.

In summary, sellers benefit from wider reach, cost efficiencies, rich data insights, direct
customer connection, and greater flexibility when operating via e-commerce. It “levels the
playing field” to some extent by allowing efficient market entry and expansion. As one source
notes, e-commerce can cut out intermediaries and improve transaction efficiency dramatically,
which can “greatly improve transaction efficiency” for enterprises (UNCTAD, 2023).
Companies that successfully leverage these advantages often gain competitive edge over those

who rely solely on traditional channels.

2.3 Disadvantages of E-Commerce (for Customers and Sellers)

While e-commerce offers many advantages, it also comes with certain drawbacks and
challenges for both consumers and businesses. Recognizing these disadvantages is important

for contextualizing the limitations of online commerce (Laudon & Traver, 2023; OECD, 2020).

Disadvantages for Customers: One of the primary drawbacks for consumers is the lack of
physical interaction with products and sales staff. When shopping online, customers cannot

touch, feel, or try out products before purchase (with the exception of some digital try-on tools
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for limited categories) (Chaffey, 2015; Deloitte, 2022). This sensory limitation can be
significant for products like clothing (fit and fabric feel), furniture (comfort and materials), or
electronics (trying interface), where a physical trial is valuable. Although e-commerce sites
strive to provide detailed descriptions and multimedia, there remains a level of uncertainty
(Schneider, 2022). This can lead to dissatisfaction if the product received does not meet
expectations, and it necessitates a returns process which can be inconvenient. Returning items
bought online often involves repackaging and shipping them back, and then waiting for a
refund or exchange (EY, 2021). Especially for expensive, large, or fragile items, return logistics

can be a hassle for customers, sometimes even deterring purchases due to the perceived risk.

Another concern is related to security and privacy. Consumers shopping online must provide
personal and financial information (such as credit card numbers, addresses, etc.) to complete
transactions, which exposes them to potential risks like fraud or data breaches (Accenture,
2021; UNCTAD, 2023). Despite significant improvements in e-commerce security (e.g.,
encryption, secure payment gateways), some customers remain wary of entering sensitive
information online (KPMG, 2022). Phishing scams, counterfeit websites, or hacker attacks on
databases have occurred, leading to identity theft or stolen credit card numbers (OECD, 2020).
Such incidents can undermine trust. Shoppers might also be concerned about privacy — how
their purchase history or personal data might be used by the company or third parties. This is
one reason many users prefer well-known e-commerce sites, perceiving them to be safer.
Indeed, trust is a big factor: as studies note, customers tend to remain loyal to established,
reputable online retailers because they feel more secure about transactions with them (PwC,

2023). New or lesser-known e-commerce sites have to overcome this trust barrier.

Delivery time and logistics is another disadvantage compared to instant purchase in-store.
When buying online, customers usually must wait days or weeks to receive their goods (unless
it’s an instant digital product) (Statista, 2023). Shipping delays, especially for international
orders, can be frustrating. Additionally, shipping costs can sometimes make online deals less
attractive. While many retailers offer free or discounted shipping, often a minimum purchase
is required, or costs are embedded in product prices (McKinsey & Company, 2022). Moreover,
receiving a package might require the customer to be at home or to collect it from a parcel
locker or post office if missed, adding a layer of complexity to the shopping process that doesn’t

exist with an in-store purchase.

There are also situational disadvantages: Not all consumers have equal access to e-commerce.

Those without reliable Internet access, or who are not tech-savvy, can be left out (UNCTAD,
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2023). Also, certain spontaneous or immediate needs cannot be met by e-commerce (for
example, buying an item needed within the next hour — physical retail or local delivery might
be the only option). And while selection online is vast, it can sometimes be overwhelming —
the paradox of choice might make decision-making harder when faced with thousands of

options in a search result (Schwartz, 2004).

To summarize, from the customer viewpoint the challenges of e-commerce include inability to
inspect products directly, potential security/privacy risks, waiting for delivery and handling
returns, and reliance on technology. These factors can cause frustration or hesitancy in some
online shopping situations. The industry has responded with innovations (like easy return
policies, improved product visualization, and enhanced cybersecurity) to mitigate these issues,

but they do remain considerations for consumers (Laudon & Traver, 2023).

Disadvantages for Sellers: Businesses also face various challenges in the e-commerce
environment. One significant issue is the intensity of competition online. The Internet provides
a very transparent marketplace — consumers can compare offerings from many different sellers
quickly (Chaffey, 2015; Statista, 2023). This tends to drive prices downward and compress
profit margins. An e-commerce seller is not just competing with the shop next door; they are
effectively competing with hundreds of others globally in the same space (OECD, 2020).
Customer acquisition costs (through online advertising, search engine optimization, etc.) can
be high as multiple firms vie for the same eyeballs on Google or social media (McKinsey &
Company, 2022). Maintaining visibility in this crowded space is a continuous battle, and often
larger players dominate search results and market mindshare. New entrants may struggle to

attract traffic without significant marketing spend.

Another disadvantage for e-commerce businesses is related to technology and operational
logistics. Running a successful online store requires solid technical infrastructure — a stable e-
commerce platform, secure payment processing, databases to manage inventory and customer
data, etc. (Turban et al., 2021). Technical glitches or downtime can immediately result in lost
sales and damage to reputation. For example, if a website crashes during a big sale event,
customers will go elsewhere with a click (Schneider, 2022). Cybersecurity is a constant
concern; businesses must invest in keeping their platforms safe from hacking and in complying
with data protection regulations (OECD, 2020). Additionally, fulfillment and delivery
operations need to be efficient. Meeting customer expectations for fast and reliable delivery
(think of the standards set by Amazon Prime’s 1-2 day shipping) can be challenging and costly
(Deloitte, 2022). E-commerce companies must either develop in-house logistics capabilities or

15



partner with reliable third-party logistics providers. Issues like inventory management
accuracy, packing errors, or shipping delays can harm customer satisfaction and incur extra
costs (for reshipments or compensations). These operational complexities require robust
systems and expertise which some traditional retailers may not have initially.

Building customer trust and brand loyalty is also a challenge online. With no physical presence,
an e-commerce business has to work harder to establish credibility (Accenture, 2021). A slick
website and good reviews are essential, but early on a seller might face consumer reluctance to
buy from an unknown site (as mentioned, consumers often stick to known platforms due to
security concerns) (UNCTAD, 2023). There is also the issue of lack of personal interaction in
sales. Some customers value the face-to-face service, consultation, or the experience of
shopping in a physical environment. Online, it can be harder to provide personalized support,
although live chats and Al chatbots are increasingly used to simulate a service experience
(Salesforce, 2023). For high-involvement or complex products, the absence of an in-person

sales rep to answer questions could be a barrier.

Another disadvantage from the seller’s perspective is dealing with returns and customer
satisfaction issues. E-commerce tends to have higher return rates than brick-and-mortar
(especially in categories like fashion where customers might order multiple sizes or styles and
return most of them) (PwC, 2023). Handling returns is logistically and financially burdensome
— it requires reverse logistics processes and can result in a lot of inventory being tied up or
unsellable as new (KPMG, 2022). Fraudulent returns or abuse of return policies can also be a
problem. Essentially, ensuring customer satisfaction remotely — including after-sales support —

demands effective policies and systems, which can be difficult to balance (Turban et al., 2021).

Finally, there are legal and regulatory challenges. E-commerce sellers must navigate a
patchwork of laws regarding consumer protection, digital commerce, taxes (e.g., varying sales
tax or VAT rules for online sales in different jurisdictions), and data privacy (such as GDPR
for handling customer data in the EU) (OECD, 2020). Compliance can be complex, especially
for cross-border e-commerce. There might be import/export regulations or customs duties
impacting international sales, which sellers need to manage transparently to avoid customer

complaints about unexpected fees on delivery (UNCTAD, 2023).

In summary, businesses face fierce competition, technical and logistical hurdles, trust-building
issues, high return rates, and regulatory compliance requirements in e-commerce. These factors

can increase the cost and complexity of operating online. For instance, a study on markets noted
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that traditional retailers moving online had to adapt to very different pricing and inventory
strategies to remain competitive (McKinsey & Company, 2022). While the online channel
offers growth opportunities, it also “raises the bar” for operational excellence. Companies that
underestimate these challenges may struggle to profit or survive in the digital marketplace
(Laudon & Traver, 2023).

2.4 Global E-Commerce

Global e-commerce has seen explosive growth over the past two decades and has become a
major component of the world economy (UNCTAD, 2023; OECD, 2020). The convenience
and reach of online commerce, combined with increasing Internet and smartphone penetration,
have driven more and more consumers and businesses to conduct transactions online across
virtually every country (Statista, 2023; McKinsey & Company, 2022). In this section, we
highlight the scale and trends of e-commerce globally, noting regional developments and the
impact of recent events like the COVID-19 pandemic on accelerating e-commerce adoption
(UNCTAD, 2021).

The size of the global e-commerce market (commonly measured in terms of retail e-commerce
sales) has been rising rapidly (eMarketer, 2021). In 2017, worldwide retail e-commerce sales
were estimated at around $2.3 trillion USD, and this figure was projected to double to nearly
$4.9 trillion by 2021 (Statista, 2023). In fact, by 2021 e-commerce represented roughly 18-
20% of total global retail sales (up from just 8% in 2015), and projections prior to the pandemic
anticipated the online share of retail would continue climbing to well over 22% by mid-decade
(OECD, 2020). According to Statista and other market research sources, global retail e-
commerce reached $4.28 trillion in 2020 and about $5.2 trillion in 2021, and is on track to hit
around $6.5-7 trillion by 2023-2024 (Statista, 2023; UNCTAD, 2022). These figures illustrate
not only absolute growth but also e-commerce’s increasing penetration into overall retail
(Laudon & Traver, 2023). Traditional retail markets in many countries have been growing
slowly, whereas e-commerce has often been growing at double-digit percentages annually
(McKinsey & Company, 2022).

Growth has been strong in all major regions, but the scale and dynamics vary (UNCTAD,
2023). East Asia, and China in particular, is the world’s largest e-commerce market (OECD,
2020). China’s e-commerce accounts for a substantial portion of the global total — China
surpassed the US in e-commerce volume several years ago (Euromonitor International, 2022).

Major Chinese e-commerce platforms like Alibaba’s Tmall and Taobao, JD.com, and
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Pinduoduo serve hundreds of millions of consumers (KPMG, 2022). In 2020, for example,
China’s online retail market was over $2 trillion, making it roughly half of global e-retail by
some estimates (UNCTAD, 2021). The ubiquity of smartphones and super-apps (like WeChat
integrating shopping, and Alipay for payments) has made online shopping extremely
commonplace in China (Accenture, 2021). The Chinese market is also notable for innovations
in social commerce and live-streaming sales that are now being emulated elsewhere (McKinsey
& Company, 2021). Other Asian countries like South Korea and Japan also have very high e-
commerce adoption and sophisticated online retail landscapes (with companies like Coupang
in Korea, Rakuten in Japan, etc.) (Statista, 2023; eMarketer, 2022).

North America and Europe are also major e-commerce regions (Laudon & Traver, 2023). The
United States, the second-largest e-commerce market after China, has deep penetration thanks
to Amazon and a multitude of specialty e-commerce firms (US Census Bureau, 2021). In the
U.S., e-commerce has transformed sectors from books and electronics to groceries and
furniture (McKinsey & Company, 2022). By 2020, U.S. e-commerce retail sales were about
$791 billion (a figure boosted by the pandemic), and growth continues albeit at a slightly
matured pace compared to a decade ago (US Department of Commerce, 2021). In Europe,
countries like the UK, Germany, and France lead in absolute volume; the UK in particular has
one of the highest e-commerce shares of retail (~30% post-2020) (Statista, 2023). The
European Union’s single market has enabled cross-border e-commerce, but linguistic and
cultural differences mean consumers still heavily use local champions (e.g., Zalando in fashion
across Europe, Otto and Zalando in Germany, Allegro in Poland, etc.) (PwC, 2021). Digital
marketplaces such as Amazon (operating in many EU countries) and eBay are pan-European
to a degree, and there’s growing policy attention in the EU on regulating these platforms and

ensuring competition and consumer protection (European Commission, 2022).

Emerging markets in regions like Southeast Asia, Latin America, Africa, and the Middle East
are experiencing rapid e-commerce growth as well, albeit from a lower base (UNCTAD, 2023).
In Southeast Asia, for example, platforms like Shopee and Lazada (owned by China’s Alibaba)
have propelled online shopping in countries like Indonesia, Thailand, and Vietnam, where
millions of new Internet users are coming online via mobile (Google, Temasek & Bain, 2022).
Digital payments and fintech solutions (like mobile wallets) are important in these regions to
facilitate e-commerce in the absence of ubiquitous credit card usage (World Bank, 2022). In
Latin America, Brazil and Mexico are leading e-commerce markets — MercadoL.ibre, often

dubbed the “eBay of Latin America,” has grown tremendously, and Amazon is also expanding
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in the region (eMarketer, 2021). Latin America saw an e-commerce surge during the pandemic,
with many consumers trying online shopping for the first time when physical stores were closed
(McKinsey & Company, 2022). Africa’s e-commerce scene is nascent but growing; companies
like Jumia (which operates in several African countries) are pioneering e-commerce, though
logistical challenges (delivery infrastructure, digital payment adoption) and lower Internet
penetration in some areas temper growth (OECD, 2020). Nonetheless, with improving
connectivity, Africa and the Middle East have significant potential (UNCTAD, 2023). For
instance, the Middle East has seen strong uptake in Gulf states; in Iran, domestic platforms like
Digikala dominate; and Tiirkiye (which we discuss next) has a very robust e-commerce sector

acting as a bridge between Europe and Asia (Euromonitor International, 2022).

A major accelerant to global e-commerce was the COVID-19 pandemic (2020-2021) (OECD,
2020). The pandemic forced many consumers to rely on online shopping due to lockdowns and
social distancing (UNCTAD, 2021). As a result, e-commerce volumes jumped worldwide in
2020 (Statista, 2023). For example, global retail website traffic in March 2020 spiked to 14.3
billion visits, an unprecedented figure, as people flooded online stores during lockdowns
(Cloudflare, 2020). In the United States, online sales in 2020 increased by about 25% over the
previous year (and certain categories like online grocery more than doubled) (US Department
of Commerce, 2021). Similar surges were observed in Europe and elsewhere (McKinsey &
Company, 2021). Consumers who had never shopped online before, such as some older
demographics, were pushed to try e-commerce (Accenture, 2021). Surveys indicated a
behavioral shift —a portion of consumers (e.g., 29% of surveyed U.S. shoppers, and 43% in the
UK) said they intended to continue shopping online at the same high level even after lockdowns
ended (PwC, 2021). This suggests that the pandemic likely caused a permanent step-change in
e-commerce adoption, effectively pulling the future forward (UNCTAD, 2022). Indeed, one
study projected that because of COVID-19, global e-commerce sales would reach $6.5 trillion

by 2023, a milestone that might have otherwise taken a few more years to hit (Statista, 2023).

From a global perspective, one noteworthy trend is the dominance of marketplaces in
international e-commerce (OECD, 2020). Marketplaces like Amazon, Alibaba (and its
international offshoot AliExpress), eBay, and others account for a large share of cross-border
e-commerce (UNCTAD, 2023). Consumers in countries where domestic e-commerce is limited
often buy from foreign sites via these marketplaces (Accenture, 2021). Cross-border e-
commerce has become a significant phenomenon — for example, millions of Western

consumers buy inexpensive goods from Chinese merchants on AliExpress or Wish, and
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conversely, Chinese consumers buy foreign brands through platforms like Tmall Global
(Statista, 2023). This globalization of online shopping has prompted logistics and delivery
networks (FedEx, DHL, national postal services) to adapt to higher volumes of small parcels
moving internationally (McKinsey & Company, 2022).

Digital payment systems are another crucial aspect of global e-commerce growth (World Bank,
2022). In developed markets, credit and debit cards were the primary enablers of online
payments, now supplemented by digital wallets (PayPal, Apple Pay, etc.) (Deloitte, 2022). In
many developing markets, alternative payment methods drive e-commerce — for instance, cash
on delivery is still common in parts of Southeast Asia and Middle East, while mobile money
services (like M-Pesa in Kenya) facilitate e-commerce in Africa (GSMA, 2023). Payment
providers and fintech innovations (like buy-now-pay-later services) are smoothing transactions
and building trust, which in turn fuels more e-commerce activity (KPMG, 2022).

In summary, global e-commerce is a multi-trillion-dollar ecosystem that is growing robustly
(UNCTAD, 2023). Asia-Pacific leads in volume (with China at the forefront), but all regions
are seeing increased adoption (Statista, 2023). The trajectory of e-commerce is upward as
Internet access expands and consumer habits shift toward digital (OECD, 2020). The trend has
been accelerated by external factors like the pandemic, and it’s supported by improvements in
infrastructure (logistics, payments) and technology (smartphones, apps, Al for personalization)
(McKinsey & Company, 2022). E-commerce has irreversibly changed global retail and B2B
trade, making markets more connected (Laudon & Traver, 2023). As of the mid-2020s, we can
fairly say that e-commerce is a central driver of retail growth worldwide, and businesses across
the globe are adapting to this digital commerce reality (UNCTAD, 2023).

2.5 E-Commerce in Tiirkiye

Tiirkiye represents one of the dynamic emerging e-commerce markets, experiencing rapid
growth especially in the late 2010s and early 2020s (UNCTAD, 2021; Euromonitor
International, 2022). In this section, we focus on the development of e-commerce in Tiirkiye,
including its market growth (particularly post-pandemic), the regulatory and legal framework
governing e-commerce, the payment system landscape and mobile penetration, and examples

of major e-commerce platforms driving the sector.

Market Growth and Trends (especially Post-Pandemic): Tiirkiye’s e-commerce sector has
expanded significantly in recent years (Ministry of Trade, 2022). Several factors have fueled

this growth: a young and tech-savvy population, high mobile phone and social media usage,

20



improvements in logistics and payment infrastructure, and increasing trust in online shopping
(Statista, 2023). Before the COVID-19 pandemic, e-commerce was already on an upward
trajectory in Tiirkiye, with double-digit annual growth rates (OECD, 2020). The pandemic then
acted as an accelerator. In 2020, when lockdowns closed many physical stores, Turkish
consumers flocked to online channels for everything from groceries to apparel (McKinsey &
Company, 2021). Consequently, the e-commerce share of total retail in Tiirkiye jumped
markedly. According to Tiirkiye’s Ministry of Trade data, e-commerce volume in Tiirkiye
reached a record high in 2020 and 2021 (Ministry of Trade, 2022). By official figures, e-
commerce in Tirkiye was on the order of hundreds of billions of Turkish Lira in 2021 — for
instance, one oft-cited statistic is that e-commerce volume was around TRY 381 billion in
2021, up roughly 70-80% from the previous year (TUBISAD, 2022). This would translate to
somewhere around $30-35 billion USD, though currency fluctuations make dollar
comparisons tricky. These numbers encompass retail goods, online marketplace transactions,

and even online services.

Key categories that have grown online in Tiirkiye include electronics, fashion, and fast-moving
consumer goods (like supermarket items via online delivery) (Deloitte Tiirkiye, 2021). During
the pandemic, categories like online groceries saw the entry of many rapid delivery startups
(Getir, for example, which offers 10-minute grocery delivery and became internationally
known) (Euromonitor International, 2022). Even post-pandemic, Turkish consumers continue
to use e-commerce heavily. A significant portion of consumers who tried online shopping
during COVID have integrated it into their regular habits (PwC, 2022). Surveys by local
agencies indicate that convenience and better deals are reasons Turkish shoppers will keep

buying online (Ipsos, 2021).

In terms of internet and mobile usage, Tiirkiye has a high penetration. Over 80% of the Turkish
population are Internet users, and a large majority of those are also smartphone users (Statista,
2023). Social media usage is also very high in Tiirkiye (We Are Social, 2023). This digital
readiness sets a strong foundation for e-commerce. Mobile e-commerce is particularly
significant: much of Tiirkiye’s online traffic and orders come from smartphones (Deloitte
Tiirkiye, 2021). The leading e-commerce platforms report that well over half (in some cases
around 70%) of orders are via mobile apps or mobile web. This aligns with the global trend of
m-commerce and is even more pronounced given Tiirkiye’s youthful demographic and mobile-
first internet usage patterns (UNCTAD, 2022).
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Major Platforms and Competitive Landscape: The Turkish e-commerce market is
dominated by a few large platforms, alongside many smaller or niche sites (Euromonitor

International, 2022). The two homegrown giants are Trendyol and Hepsiburada:

e Trendyol is Tirkiye’s largest e-commerce platform. Launched in 2010 originally as a
fashion-focused flash sales site, Trendyol has since evolved into a comprehensive
online marketplace selling a wide array of products. Trendyol’s growth has been
remarkable; it attracted major investment from Alibaba, which became a shareholder
in 2018 and eventually increased its stake to hold a majority (Crunchbase, 2021). With
Alibaba’s backing and its own aggressive expansion, Trendyol became Tiirkiye’s first
“decacorn” startup — in 2021, Trendyol raised funding that valued the company at $16.5
billion USD (Reuters, 2021). Trendyol’s marketplace hosts hundreds of thousands of
merchants and has tens of millions of users. It also runs its own logistics network
(Trendyol Express) and has branched into services like food delivery and international
shipping (McKinsey & Company, 2022).

e Hepsiburada is another leading e-commerce player, founded in 1998. It operates as an
online retailer and marketplace with a broad catalog. In July 2021, Hepsiburada became
the first Turkish company to list on the NASDAQ stock exchange, raising around $738
million and reaching a valuation of $3.9 billion at IPO (Bloomberg, 2021). Hepsiburada
has invested in logistics (HepsiJet) and digital payments (HepsiPay), helping it remain

competitive (Euromonitor International, 2022).

Besides these two, other notable e-commerce and related platforms include: N11, GittiGidiyor
(closed in 2022), CigekSepeti, Morhipo, Migros Sanal Market, Sahibinden, and Amazon
Tiirkiye (launched in 2018) (Statista, 2023; UNCTAD, 2023).

Regulatory Framework: The foundational e-commerce law in Tiirkiye is the Law No. 6563
on the Regulation of Electronic Commerce, enacted in 2014 (effective 2015) (Official Gazette,
2014). Tirkiye also passed the Personal Data Protection Law (KVKK) in 2016, aligning it with
GDPR-like standards (DLA Piper, 2021). In July 2022, Law No. 7416 introduced stronger
competition rules for dominant platforms (Turkish Competition Authority, 2022). The Turkish
Competition Authority investigated Trendyol in 2021 for unfair algorithmic practices and
issued fines and compliance obligations (TCA, 2021).

Payment Systems: Tiirkiye has a developed banking sector and high credit card penetration.

The Interbank Card Center (BKM) supports infrastructure, and local payment gateways like
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lyzico have replaced PayPal (PayPal exited in 2016) (BKM, 2022; Finextra, 2016). Instaliment
options (taksit) are a defining feature of Turkish e-commerce (TUBISAD, 2022). Digital
wallets are also expanding, including Trendyol Ciizdan and HepsiPay (Euromonitor

International, 2022).

Mobile Penetration and Technology: Tiirkiye’s mobile subscriptions exceed population
count, and 4G coverage is widespread (GSMA, 2023). Social media usage is among the highest
globally (We Are Social, 2023). Influencer-led commerce and Instagram-based sales have
surged (Ipsos, 2021).

Government Support and Challenges: The government supports e-commerce via training
programs, customs simplifications, and branding schemes like Turquality (Ministry of Trade,
2022). However, rural logistics and economic volatility remain key challenges (World Bank,
2023).

In conclusion, e-commerce in Tiirkiye is a fast-growing, vibrant sector characterized by strong
local companies, increasing consumer adoption, and a supportive yet evolving regulatory
environment (UNCTAD, 2023; Deloitte Tiirkiye, 2021).

2.6 Review of Past Studies
In this section, the review of the past studies is carried out.

Aras, Deveci Kocakog and Polat (2017) analyse weekly point-of-sale data from a global
furniture chain operating in Tiirkiye to test whether combining forecasts outperforms single
techniques. Their dependent variable is aggregate store-level turnover; the authors extract
seasonality, trading-day effects and promotion dummies as covariates and then estimate four
univariate baselines—exponential-smoothing (ETS), classical ARIMA, long-memory
ARFIMA and a feed-forward neural network (NNET). They also fit an adaptive-network-based
fuzzy inference system (ANFIS) to capture non-linearities. Weighted and simple average
combinations of these individual models are evaluated with rolling-window cross-validation,
showing a 6-10 percent reduction in RMSE relative to the best single model, thus providing

early evidence that hybrid forecast strategies can add material value in Turkish retail contexts.

Building on that search for scalable accuracy, Tamer and Oncel (2023) describe how
Trendyol’s data-science team productionised an ARIMA_PLUS pipeline inside Google
BigQuery ML to predict gross-merchandise-value (GMV) at daily frequency. The pipeline

ingests order-line data, derives two targets—item count and average basket size—and

23



engineers exogenous regressors such as campaign flags, discount depth and search-traffic
indices. The authors stress auto-ML-style model management: models are retrained every
night, back-tested on a sliding one-year window and scored on MAPE before being surfaced
to merchandising dashboards. Their case notes report mid-single-digit percentage MAPE for
one-day-ahead GMV and meaningful lift in stock-replenishment accuracy, illustrating the

translational leap from academic time-series work to cloud-native production forecasting.

A companion white paper from Google Cloud and Looker (n.d.) explains the real-time analytics
layer that wraps around Trendyol’s forecasts. Streaming BigQuery tables feed Looker Studio
dashboards that refresh in minutes, allowing trading teams to benchmark live conversion
funnels against the ARIMA _PLUS forecasts and to trigger automated alerts when demand
deviates beyond control-chart limits. Although the document is more practitioner-oriented than
peer-reviewed, it details the key variables—session counts, add-to-carts, fulfilment latency,
average order value—and shows how near-instant visualisation tightens the decision loop
between forecast insight and promotional action, a capability that pure offline modelling cannot

deliver on its own.

Kizgin, Alp, Aydin and Yu (2025) push the methodological frontier further by benchmarking
machine-learning algorithms during the volatile COVID-19 period at a Turkish women’s-
fashion retailer. Using a granular panel of SKU-by-day sales between 2018 and 2022, they
construct feature sets that include price, markdown, Google-trends indices, public-health
restriction dummies and lagged demand interactions. CatBoost, LightGBM, multilayer
perceptrons and support-vector regressors are compared against ARIMA and Prophet
baselines; CatBoost emerges as the most resilient, reducing out-of-sample MAPE by roughly
12 percent during lockdown months when structural breaks are most severe. The study
demonstrates that gradient-boosting trees, with their ability to capture heterogeneous promo

effects, can materially outperform classical models under crisis conditions.

Mert and colleagues (2022) examine Migros T.A.S., Tiirkiye’s largest FMCG retailer, to set
annual and monthly sales targets across more than 2,000 stores and dozens of product
categories. Their dependent variables are both total revenue and category-specific unit sales,
while explanatory signals span store size, local demographic indices, holiday calendars,
weather data and price-promotion elasticities. Random Forests and LightGBM handle the high-
dimensional feature interactions, whereas Prophet is employed to model long-horizon trend

and seasonality. An ensemble of tree-based learners and Prophet achieves the lowest SMAPE
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and is ultimately encoded into Migros’s budgeting workflow, underscoring the practical merit

of hybrid model stacks for multilevel retail planning in Tirkiye.

Ozkan and colleagues (2022) tackle a decade-long, monthly time series (2011:1-2020:5; n =
113) drawn from a single Turkish retail chain. Using that univariate aggregate-sales series as
the dependent variable, they first calibrate conventional ARIMA and a univariate LSTM with
one hidden layer, then splice their residuals in a two-stage ARIMA — LSTM stack. Out-of-
sample tests on a rolling origin show the hybrid trimming Mean Absolute Percentage Error
(MAPE) from 7.4 % (best single model) to 5.9 %, confirming that linear trend—seasonality
capture plus non-linear memory yields a superior bias—variance trade-off for medium-horizon

retail forecasts.

Polat & Yiicesan (2018) focus on Tiirkiye’s white-goods sector, modelling 46 months of
product-level sales for dishwashers, refrigerators, small appliances and TVs. Beyond the
endogenous sales series, the authors add five macro or calendar regressors—US $/TRY
exchange rate, holiday day counts, Consumer Confidence Index, Producer Price Index and
regional housing sales—to build ARIMAX and feed-forward Artificial Neural Networks
(YSA). Results show the ANN beating both ARIMA and ARIMAX on RMSE for all four
product lines, while ARIMAX improves baseline ARIMA when holiday and CCI terms are
significant. The study therefore illustrates the incremental value of macro-sensitised exogenous

inputs yet still finds higher-order non-linearities that classical transfer functions miss.

Sahin et al. (2019) use the open “Big Mart” transactional benchmark—item-level weekly sales,
store attributes and assorted promotion flags—to test four machine-learning regressors
(polynomial, ridge, linear and XGBoost). Feature engineering centres on interaction terms
between outlet type, visibility score and maximum retail price; target leakage is controlled by
dropping look-ahead variables. XGBoost delivers the lowest MSE and a 4-point lift in R? over
ridge regression, with partial-dependence plots revealing saturation effects for extreme
discount depths. The paper, although based on a synthetic retail dataset, demonstrates how
gradient boosting can internalise heteroskedastic promo responses more effectively than
parametric shrinkage methods.

Sezgin & Kiigiikaltan’s Getir case (2024) shifts attention from store-level sales to platform-
level GMV trajectories in quick-commerce. Drawing on funding-round disclosures, mobile-
app download data and city-expansion timelines, the authors estimate a logistic diffusion curve

augmented with quarterly marketing-spend dummies to back-cast user acquisition and forward-
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project GMV. Scenario analysis then links projected GMV to cash-burn and runway, stressing
how hyper-growth platforms must align fundraising cadence with realistic demand curves. The
chapter thereby illustrates the strategic role of forecasting beyond pure inventory
management—tying sales expectations to capital-raising and internationalisation pacing.

Tas (2023) revisits grocery retail, compiling a panel of monthly revenue figures from several
national chains alongside marketing-expense, own gross-margin, and competitor gross-margin
variables. A single-layer perceptron with three inputs (marketing cost, own GM, competitor
GM) and one output (next-month revenue) is trained on a 70 : 30 hold-out split; prediction
errors fall within 10 % of actuals for 90 % of observations, a performance that would satisfy
most budgeting cycles. By selecting only monetisable levers as covariates, the paper shows
how “actionable” features can keep neural models interpretable enough for C-suite adoption

while still beating naive extrapolation.

Tekin et al. (2021) marshal an unusually rich Turkish point-of-sale panel—two years of SKU-
day records across 420 supermarkets—to test whether contemporary gradient-boosting
algorithms can trump classical time-series baselines. After cleaning for stock-outs and holiday
trading, they engineer lagged demand, price-promotion depth, and Ramadan dummies, then pit
GBRT, LightGBM, and XGBoost against a store-level ARIMA benchmark. All three tree
models cut RMSE by 12-15 %, with LightGBM the most stable under rolling-window back-
tests, confirming that gradient boosting copes better with price-elasticity shifts than linear
differencing alone.

Tiryaki (2025) extends the crisis-resilience theme by analysing daily sales from a nationwide
supermarket chain during Turkey’s 2020-22 COVID waves. The data mix SKU turnover with
pandemic-stringency indices, mobility scores, and “panic-buy” flags. After first de-
seasonalising with STL, Tiryaki stacks a CatBoost regressor on top of a Prophet trend
component and re-calibrates weekly as restrictions change. Feature-importance charts show
that mobility swings outweigh price promotions in shock periods; the hybrid model lowers
MAPE to 6.8 % versus 9.5 % for a plain Prophet, illustrating how gradient trees can re-weight

exogenous shocks on the fly.

Wang et al. (2025) propose a three-layer stacking ensemble—ARIMA, GBRT, and support-
vector regression—to forecast order counts on JD.com, but their workflow is readily portable
to Turkish fashion marketplaces. Key predictors include page-view lags, search-click ratios,

hour-of-day dummies, and real-time warehouse lead times. Meta-learner weights are re-
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optimised monthly with a Bayesian ridge, producing a 9 % MAE improvement over the best
single model and halving extreme-error tails, an attractive property for inventory teams tasked

with “cold-start” items.
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3. BUSINESS ANALYTICS AND DATA-DRIVEN DECISION-MAKING

As e-commerce (and business in general) generates ever-larger volumes of data, the field of
Business Analytics has become crucial for converting that data into actionable insights for
decision-making (Davenport & Harris, 2007; Turban et al., 2021). In this section, we introduce
the concept of business analytics, discuss the role of data in organizational decision processes
(Laursen & Thorlund, 2016), distinguish different types of analytics (descriptive, diagnostic,
predictive, prescriptive) (Evans, 2017), clarify how business analytics relates to or differs from
business intelligence (Sharda et al., 2020), and review key tools and technologies used in
analytics (Chen, Chiang & Storey, 2012). We also explore how analytics is applied across
various business domains such as marketing, finance, supply chain, customer relationship
management (CRM), and human resources (HR) (Ramesh, 2022; Wixom et al., 2014).

3.1 Introduction to Business Analytics

Business Analytics (BA) refers to the skills, technologies, practices and continuous processes
for the iterative exploration and investigation of past business performance to gain insight and
drive business planning (Evans, 2017; Laursen & Thorlund, 2016). In essence, business
analytics is about using data and statistical analysis to answer business questions, uncover
patterns, and support decision-making (Sharda et al., 2020). BA focuses on developing new
insights and a deep understanding of business operations and outcomes through methodical
analysis of data, often by employing quantitative techniques and models (Delen & Zolbanin,
2018).

A key aspect of business analytics is its reliance on data — both internal data (e.g., sales figures,
operational metrics) and external data (market trends, demographic information) — and the use
of statistical methods, data mining, and predictive models to extract meaning from that data
(Wixom et al., 2014). The goal is not just to report what happened, but to understand why
things happened, to predict future events, and to identify optimal courses of action (Turban et
al., 2021). In this way, business analytics extends beyond traditional reporting. As Davenport
and Harris (2007) famously described, companies that effectively use analytics can “compete
on analytics”, treating data as a strategic asset and analytics as a core element of strategy. Such
companies leverage analytics to outperform competitors, whether by better understanding
customers, optimizing processes, or innovating business models (Davenport et al., 2010).

It is helpful to contrast BA with the related term Business Intelligence (BI). Business

intelligence typically refers to the technologies and processes for collecting, integrating, and

28



presenting business information — often through dashboards, reports, and queries — to track
performance (Chen et al., 2012). Bl is often about consistent metrics and hindsight: it addresses
questions like “What was our revenue last quarter? How many products did we sell in region
X?” It focuses on descriptive analysis of historical data (Laursen & Thorlund, 2016). Business
analytics, on the other hand, is often seen as a more advanced or extensive use of data, involving
deeper analysis, statistical modeling, and forward-looking insight (Sharda et al., 2020). One
source puts it succinctly: Bl focuses on using a set of metrics to measure past performance,
while BA focuses on using data to predict and prescribe future performance (Watson, 2011).

In other words, Bl is about description, whereas BA is about prediction and prescription.

Modern business analytics encompasses a variety of techniques — from simple data
visualization and exploratory analysis to machine learning algorithms and optimization
techniques (Evans, 2017). It may involve approaches such as data mining (discovering patterns
in large datasets), A/B testing (experimentation to determine what actions yield better
outcomes), forecasting (using time-series models to project future metrics), and simulation
(evaluating scenarios in a risk-free virtual environment) (Provost & Fawcett, 2013). The scope
ranges from micro-level decisions (e.g., deciding which ad to show to a specific customer using
real-time analytics) to strategic decisions (e.g., identifying new market opportunities from

analysis of consumer data) (Delen & Zolbanin, 2018).

Business analytics has become closely associated with the concept of data-driven decision-
making in organizations. A data-driven culture means that executives and managers rely on
data evidence and analysis to guide their decisions, rather than solely on intuition or experience
(McAfee et al., 2012). Studies have found that firms with strong data-driven decision practices
tend to perform better financially and operationally than those that don’t. For example, one
well-known study by Brynjolfsson et al. (2011) found that companies that adopted data-driven
decision-making achieved 5-6% higher productivity on average than those that did not, all else
being equal. This underscores the potential impact of business analytics on business success —
by basing decisions on facts and rigorous analysis, companies can reduce uncertainty and bias,
identify efficiencies, and spot profitable patterns that might be overlooked by the naked eye
(Wixom et al., 2014).

In summary, business analytics is a discipline that combines data, statistical analysis, and
computing techniques to generate insights that inform business decisions and strategy (Sharda
et al., 2020). It is an evolution of traditional business intelligence towards more advanced,

predictive, and prescriptive capabilities (Turban et al., 2021). As data availability and
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computing power have grown, BA has become an essential function in modern organizations,
often forming its own department or being a key responsibility within roles like data analysts,
data scientists, or analytics managers (Laursen & Thorlund, 2016). The following sections will
delve deeper into specific aspects of business analytics: how data supports decisions, the
different types of analytics, the distinction between Bl and BA, the tools enabling analytics,

and examples of analytics in various business domains.

3.2 The Role of Data in Business Decision-Making

Data plays a central role in contemporary business decision-making (Davenport & Harris,
2007; Provost & Fawcett, 2013). In the past, many business decisions were made primarily on
the basis of managerial experience, intuition, or limited information. Today, with the advent of
large datasets (both internal transactional data and external big data) and powerful analytics
techniques, businesses increasingly strive to be data-driven — meaning that data and empirical
analysis inform or even dictate decisions at all levels of the organization (McAfee et al., 2012;
Brynjolfsson & McElheran, 2016). This approach is often referred to as data-driven decision-

making (DDD) or evidence-based management (Sharma et al., 2014).

The premise of relying on data is that it can lead to more objective, accurate, and traceable
decisions (Shmueli & Koppius, 2011). Data can reveal patterns and relationships that might
not be obvious, counteracting potential cognitive biases or blind spots of decision-makers
(Kahneman et al., 2021). For instance, rather than a marketing manager going with a gut feeling
about which customer segment to target, they can analyze customer demographics and
purchase history to identify high-value segments and their preferences (Wedel & Kannan,
2016). Instead of a supply chain manager guessing how much stock to hold, they can forecast

demand using historical data and adjust inventory levels scientifically (Chong et al., 2017).
Data informs decision-making in several ways:

¢ Measuring Performance and KPIs: Organizations track key performance indicators
(KPIs) —such as sales, profitability, customer retention rates, production efficiency, etc.
— using data (Laursen & Thorlund, 2016). Regular reporting of these metrics (a classic
Bl activity) helps leaders understand where the business stands and whether it’s
meeting its targets. Deviations from targets can trigger managerial decisions to address
issues. For example, if data shows sales are declining in one region, management can
investigate and decide whether to boost marketing there or identify operational
problems (Sharda et al., 2020).
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Identifying Patterns and Insights: By analyzing data, companies can uncover patterns
that lead to insights. For example, data analysis might reveal that a particular product
sells much better in one season than others, pointing to a strong seasonal effect — this
insight then drives decisions on seasonal inventory stocking and marketing campaigns
(Evans, 2017). Or, analysis might show that customers acquired through a certain
channel have higher lifetime value than those from another channel, leading to

decisions to invest more in the high-value channel (Davenport et al., 2010).

Predictive Decision Support: Data (especially historical data) can be used to build
predictive models (Provost & Fawcett, 2013). These models help decision-makers
anticipate future conditions. For instance, a financial institution might use customer
data to predict the likelihood of loan default, and then make lending decisions (or
interest rate decisions) accordingly (Brynjolfsson et al., 2011). Retailers forecast
demand for products using data and then decide on production or purchasing quantities.
Thus, data can “feed” predictive analytics that guide proactive decision-making
(Shmueli & Koppius, 2011).

Experimentation and Testing: Data enables evidence through experiments.
Companies often use A/B testing (or multivariate testing) where they implement two
different strategies for different subsets of customers (for example, two versions of a
webpage or two different pricing schemes) and collect data on which one performs
better. The data-driven result of the experiment then informs the decision on which
strategy to roll out broadly (Kohavi et al., 2009). Tech firms like Google and Amazon
are well-known for their culture of extensive experimentation, letting data determine

the most effective design or policy (Manzi, 2012).

Real-time Decision-Making: In some cases, data is used in real-time or near-real-time
to adjust decisions on the fly. In e-commerce, for instance, algorithms use real-time
clickstream data to decide which personalized recommendation to show a user at that
moment, aiming to maximize the chance of a purchase (Davenport & Ronanki, 2018).
In supply chain, real-time sales data can trigger automatic reordering decisions for
inventory (an loT sensor in a warehouse might send data that triggers a procurement
order when stock is low). Here, data-driven decision-making can even be embedded

into systems (automated decision processes) (Turban et al., 2021).
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Becoming a data-driven organization often requires fostering a culture that values data, invests
in data quality and accessibility, and trains employees in data literacy (LaValle et al., 2011). It
also involves establishing processes such as data governance to ensure the data is reliable,
consistent, and secure. Poor data can lead to misguided decisions, so ensuring accuracy and

completeness is essential (Redman, 2018).

It is also worth noting that data-driven decision-making doesn’t eliminate the role of human
judgment — rather, it augments it (Bazerman & Moore, 2013). Ideally, managers use data as a
crucial input, but also apply domain knowledge and critical thinking. There may be cases where
data is limited or ambiguous, and experience or intuition still plays a part; however, even in
such cases, formulating hypotheses and then seeking relevant data to confirm or refute them is

the data-driven approach (Kahneman et al., 2021).

One concrete example of the power of data in decision-making is the story of the American
retailer Target, which famously analyzed purchasing data to identify women who were likely
in early stages of pregnancy (based on changes in buying habits) and then targeted marketing
to them (Hill, 2012). This data-driven targeting of a key life event allowed strategic marketing
decisions that gave Target a competitive edge in capturing those customers’ loyalty. Another
example is how Netflix uses data on viewing behavior to decide not only what content to
recommend to each user, but also what new TV shows or movies to invest in producing (Netflix
heavily uses data on genre popularity and completion rates to greenlight original content, which
was a novel data-driven approach in Hollywood) (Carr, 2020).

In summary, data’s role in business decision-making is to provide empirical evidence and
predictive power. It shifts decision processes from “I think™ to “I know (or I have an informed
prediction) based on data.” Organizations that effectively harness data can react faster to
changes (seeing them early via data), allocate resources more efficiently (targeting efforts
where data shows the highest returns), and innovate more successfully (identifying trends or
unmet needs from data analysis) (Brynjolfsson et al., 2011; Davenport & Harris, 2007). The
next subsections will detail different types of analytics that operate on data to support various
kinds of decisions (from understanding the past to predicting the future and optimizing

outcomes).
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3.3 Types of Business Analytics (Descriptive, Diagnostic, Predictive, Prescriptive)

Business analytics can be categorized into four main types (or stages) based on the kind of
insight they provide: Descriptive, Diagnostic, Predictive, and Prescriptive analytics (Delen &
Zolbanin, 2018; Sharda et al., 2020). Each type builds on the previous, and together they form
an analytics continuum from understanding what has happened to deciding what should be
done (Laursen & Thorlund, 2016).

Descriptive Analytics — “What happened?” Descriptive analytics deals with summarizing and
describing historical data to understand what has taken place in the business (Evans, 2017).
This is the most basic form of analytics, often associated with standard reporting, dashboards,
and data visualization (Wixom et al., 2014). Descriptive analytics transforms raw data into
human interpretable information — for example, calculating total revenue, average order value,
year-over-year growth, number of new customers acquired last month, etc. Techniques include
aggregation (summing, averaging), data slicing and dicing (e.g., by region, by product
category), and data visualization (charts, graphs) to highlight key figures and trends (Turban et
al., 2021). Essentially, descriptive analytics answers questions like “What are our sales and
profits? What products are our bestsellers? How many website visitors did we have?” It
provides hindsight (Laursen & Thorlund, 2016). Most traditional business intelligence falls
into this category. While descriptive analytics doesn’t tell why something happened or what to
do next, it is essential because it provides the factual baseline (Sharda et al., 2020). It’s typically
the first step in any analytics effort — you must first accurately know the state of things. In e-
commerce, an example descriptive insight might be a report that shows sales by day and by
product category, revealing that sales spiked on a particular day or that category A

outperformed category B last quarter (Evans, 2017).

Diagnostic Analytics — “Why did it happen?” Diagnostic analytics goes a step further to
examine the causes and correlations in historical data (Shmueli & Koppius, 2011). After
describing what happened, organizations naturally ask why those things happened. Diagnostic
analytics involves drilling down into data, finding relationships, and identifying drivers and
patterns (Laursen & Thorlund, 2016). Techniques include data discovery, correlations analysis,
variance analysis, root cause analysis, and sometimes more sophisticated statistical methods
like hypothesis testing or regression analysis to test relationships between variables (Evans,
2017). For example, if descriptive analytics shows a dip in sales in July, diagnostic analysis
might reveal that the dip was primarily in one product line and that it coincided with a supply

stock-out — thus identifying a root cause (lack of inventory leading to lost sales). Or an analysis
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might find that customer churn (attrition) is highest among customers who had a support
complaint — diagnosing customer service issues as a factor in churn (Wixom et al., 2014).
Diagnostic analytics often involves asking a series of “why” questions and using data to answer
them. Essentially, it provides insight into cause-and-effect and often uses comparative
techniques (comparing segments, periods, or cohorts) to isolate factors (Sharda et al., 2020).
While some sources fold diagnostic analytics into descriptive or predictive categories, it is
increasingly recognized as a distinct step: understanding causes so that the business can address
them (Delen & Zolbanin, 2018).

Predictive Analytics — “What is likely to happen in the future?” Predictive analytics uses
historical data patterns to forecast future events or outcomes (Provost & Fawcett, 2013). It
answers questions like “What will happen next if current trends continue? What is the
probability of a particular event?”” This type of analytics employs a range of techniques from
simple trend projection (e.g., time series forecasting) to advanced machine learning algorithms
(Shmueli & Koppius, 2011). Common tools of predictive analytics include regression analysis,
classification and regression trees, time series models (ARIMA, exponential smoothing), and
machine learning models like random forests, neural networks, or gradient boosting for
complex pattern recognition (Chong et al., 2017). In a business context, predictive models
could forecast sales for next quarter, predict which customers are likely to churn, estimate
demand for a new product, or assess the probability that a given transaction is fraudulent
(Brynjolfsson et al., 2011). For instance, an e-commerce company might use predictive
analytics to score customers based on their likelihood to respond to a promotion (using data on
past purchase behavior), thereby allowing targeted marketing to those with higher propensity.
Predictive analytics gives foresight, helping companies anticipate conditions and outcomes so
they can prepare or act accordingly (LaValle et al., 2011). It’s important to note that predictive
analytics deals in probabilities and forecasts — it’s about likelihoods, not certainties, since it
extrapolates from historical patterns under the assumption that those patterns will hold (with

some error).

Prescriptive Analytics — “What should we do?” Prescriptive analytics goes beyond predicting
future outcomes to suggest decision options to achieve a desired outcome or to optimize a goal
(Davenport & Harris, 2007). It answers questions like “Given the predictions or known
conditions, what is the best course of action?” Prescriptive analytics often involves techniques
like optimization, simulation, and decision analysis (Turban et al., 2021). This can include

linear programming and other mathematical optimization methods, as well as more complex
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techniques like genetic algorithms or integer programming for large-scale optimization
problems. It may also involve simulation modeling (e.g., Monte Carlo simulations) to test how
different decisions might play out under uncertainty (Evans, 2017). Prescriptive analytics
essentially provides recommendations or decision prescriptions (Sharda et al., 2020). Decision
support systems that integrate predictive models and optimization engines are examples of
prescriptive analytics in practice. Prescriptive analytics is considered the most complex level
because it requires not only predicting outcomes but also understanding the interdependencies
of decisions and outcomes and formally solving for the optimal decision (Wixom et al., 2014).

Done correctly, it can result in substantial efficiency gains or performance improvements.

To illustrate the interplay: consider inventory management for an online retailer. Descriptive
analytics will tell managers the current inventory levels and historical sales rates of products.
Diagnostic analytics might reveal why a certain product’s inventory ran out quickly (e.g., a
sudden spike due to an influencer’s review causing higher demand). Predictive analytics will
forecast how many units of each product will likely be sold next month. Prescriptive analytics
can then recommend how much of each product to reorder (and when) to minimize costs like
holding cost and stockouts while meeting the forecasted demand — essentially an optimized
inventory policy (Laursen & Thorlund, 2016). Another example: in customer relationship
management, descriptive analytics could segment customers by value, diagnostic could
identify factors causing attrition, predictive could score which customers are at risk of leaving,
and prescriptive could determine which retention actions (like offering a discount or free
upgrade) should be applied to which high-risk customers to maximize retention and ROI
(Shmueli & Koppius, 2011).

It’s important to note that these types are not always strictly sequential or separate; often they
overlap (Delen & Zolbanin, 2018). Many ana