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Abstract: Motivated by algorithmic targeting and data management, we explore a scenario where the seller holds
an advantage over consumers regarding match-related information about products. The seller optimizes a product line
consisting of two vertically differentiated products alongside an opaque product resulting from their mixture, strategi-
cally recommending these products to potential consumers. We model algorithmic targeting using an information design
framework, and our investigation revolves around understanding how algorithmic targeting shapes consumer purchasing
behaviors and influences market equilibrium. Furthermore, we explore the potential orchestration between algorithmic
targeting and opaque selling, facilitated by product-line design. These two closely related instruments coincide in ex-ante
manipulating information while differing in their targeting objects. Interestingly, only when the basic products exhibit
intermediate differentiation does the seller use both instruments. This is because, when the disparity between the two
primary products is extreme (either too large or too small), algorithmic targeting makes opaque selling ineffective at
increasing profits. However, when these differences are moderate, the two strategies can complement each other. Opaque
selling enhances profitability by introducing intermediate product variety, enabling more nuanced market segmentation,
while algorithmic targeting is more flexible in promoting the willingness-to-pay of a wider range of consumers. Further-
more, when conducting welfare analysis, the adoption of algorithmic targeting is found sometimes to reduce consumer

surplus but can enhance overall social welfare, highlighting the need for careful regulatory oversight in this domain.
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1 Introduction

Data and analytics technologies have endowed tech firms with informational dominance about their cus-

tomer profiles. They enjoy the privilege of collecting historical data, including how the customers previously



Article submitted to: Production and Operations Management
2 Peng et al.: Algorithmic Targeting for Opaque Selling

searched, browsed, and bought, which helps them better tailor their future recommendations (Joglekar et al.
2022, Bimpikis et al. 2024). A controversial issue arising from firms’ information advantage is algorithmic
targeting, which refers to the use of committed algorithms to automate product recommendations aimed
at specific consumer segments or individuals (e.g., Zhang and Lahiri 2023, Iyer and Ke 2024, Iyer et al.
2024). For instance, the online travel agency Priceline leverages its personalized display (e.g., pushing
notifications and targeted advertising) via proprietary algorithms to deliver customized product recommen-
dations for different consumer segments. Martin Brodbeck, Chief Technology Officer of Priceline, publicly
stated: “The second area we focused on was personalization and product recommendations to our cus-

9]

tomers based on what they are searching for on our platform.”" Such recommendations can target either
a group of customers or a specific individual. Group recommendations involve segmenting customers into
categories and providing standardized recommendations for each group. For example, Trip.com classifies
users into Silver, Gold, or Platinum tiers and offers tailored recommendations for each level.> In contrast,
the other approach focuses on more personalized, individual-level recommendations. For example, Price-
line has introduced a feature called “Just for You Recommendations” that customizes suggestions based on
users’ unique interests.> Compared with traditional marketing, a salient advantage of algorithmic targeting
is its ability to strategically manage information across different consumer groups. This approach leverages
data-driven and rule-based mechanisms, which are often implemented through machine learning models or
optimization algorithms, to personalize offerings based on specific consumer characteristics. A key feature
of such algorithmic systems is their ability to credibly commit to tailored decision rules that govern infor-
mation disclosure. This enables firms to flexibly reveal detailed information to certain consumer segments
while pooling or withholding information from others. Such granular and credible control over information
disclosure is difficult to achieve in traditional marketing environments.

When consumers are uncertain about their product preferences, being targeted by firms can help them
discover options that align with their needs. However, studies indicate that firms may also exploit this uncer-
tainty by fine-tuning the granularities of information provision, leading consumers to develop inaccurate
beliefs about which products best match their needs (Shin and Yu 2021). This can result in customers pur-
chasing products that are not ideally suited for them. Prior to the rise of algorithmic targeting, firms used
strategies like product-line designs to achieve similar outcomes by controlling information. A related mar-
keting tool is opaque selling (e.g., Geng 2016, Jiao et al. 2021, Fay and Gheibi 2024), which is prevalent in
industries such as hospitality and retail. In this approach, firms sell opaque products, withholding the spe-

cific details until the payment is completed. For instance, as shown in Figure 1, Priceline’s “pricebreaker”

' Technology Magazine. Priceline: Data-driven dealmakers of travel. Accessed August 30, 2025, https://
technologymagazine.com/company-reports/priceline-data-driven-dealmakers—-travel.

2 Trip.com. Trip.com’s Loyalty Program. Accessed August 30, 2025, https://www.trip.com/customer/loyalty/.

3 Priceline. Priceline’s 2023 Summer Release: Introducing Our Trip Intelligence Suite. Accessed August 30, 2025, https://
www.priceline.com/partner/v2/summer-release—-2023.
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https://www.trip.com/customer/loyalty/
https://www.priceline.com/partner/v2/summer-release-2023
https://www.priceline.com/partner/v2/summer-release-2023

Article submitted to: Production and Operations Management
Peng et al.: Algorithmic Targeting for Opaque Selling 3

offer is an opaque product where consumers see three potential hotels but learn the exact hotel only after

payment.

priceline

Hotels Cars Flights Bundle + Save Cruises

Still thinking about

Hong Kong?

Recommended Hotel Deals

Prices below are for deals with check-in and check-out of
12/02/2024 and 12/03/2024.

We pick 1 of these 3 hotels pricebreaker

The hotel will be revealed after you book 11-23% Off
Harbour Grand Kowloon 50
9 Hung Hom
@ 2050 Ratings | 5-stars

7A The Luxe Manor 29
QTsim Sha Tsu
@ 1568 Ratings | 45-5tars
i K Eaton Hotel Hong Kong 140 $
] oveuvare 115
& B @ wssratings | 4-stars $230for 2 nights

Figure1l Priceline’s combination of algorithmic targeting and opaque selling.

While both strategies involve information non-disclosure in matching consumers with products, algorith-
mic targeting induces randomization in consumers’ types or beliefs, whereas opaque selling randomizes
product types or features. Algorithmic targeting shapes consumers’ beliefs about their preferences or the
suitability of a product, whereas opaque selling influences choices by concealing product attributes, such
as keeping the contents of an opaque product hidden until after purchase. Theoretically, prior research
has shown that both algorithmic targeting (e.g., Trusov et al. 2016, Zhang and Lahiri 2023, Iyer and Ke
2024) and opaque selling (e.g., Jiang 2007, Fay and Xie 2008) can independently enhance firms’ revenue
through effective price discrimination. This raises an intriguing question: How do these strategies differ in
their mechanisms, and can they be effectively integrated into new business scenarios? In practice, many
technology firms already employ both methods to boost profitability. As shown in Figure 1, Priceline uses
personalized targeting to recommend its opaque product to consumers. However, some firms remain con-
cerned about the effectiveness of algorithmic targeting and its potential conflicts with existing marketing
strategies. Despite the growing adoption of these approaches, the strategic interactions between them remain
largely unexplored. This study seeks to address whether firms benefit more from combining these tools or
focusing on optimizing a single, more impactful strategy to maximize profit. Moreover, with the growing
adoption of algorithmic targeting, we aim to investigate its potential in business practices. By examining
its unique features and mechanisms, we seek to understand how it differs from traditional marketing strate-

gies and whether it can be effectively integrated into diverse business contexts, especially where conflicts
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with existing strategies arise. This analysis will shed light on whether algorithmic targeting enhances or
undermines traditional approaches.

Our investigation focuses on understanding how algorithmic targeting influences consumer purchasing
behaviors and market equilibrium. We consider two scenarios to comprehensively examine its potential
impact. In a traditional business setting, a seller offers a product line containing high-quality and low-
quality products in vertical markets. Here, algorithmic targeting serves as the sole tool to enhance market
segmentation. Additionally, we explore a new business scenario where the seller expands the product line
by introducing an opaque product resulting from the combination of existing ones. In this context, we inves-
tigate the potential orchestration between these two closely related but distinct instruments. Our research
focuses on three primary aspects. Firstly, we investigate how the implementation of algorithmic targeting
can influence consumers’ purchasing decisions, the operational strategies of firms, and the dynamics of
the market. Secondly, we examine, under different business scenarios, how algorithmic targeting interacts
with other marketing strategies, such as opaque selling through product line design. Lastly, we analyze the
implications of algorithmic targeting on firms’ operations, its effects on consumer welfare, and its broader
societal impact. To address these questions, we develop a stylized model that integrates both algorithmic tar-
geting and opaque selling. In this model, the firm selects its algorithmic targeting and product line strategies,
while consumers make purchase decisions based on the information and prices provided by the firm.

We model targeting policy using an information design framework such that a seller is able to disclose a
consumer’s idiosyncratic feature with tailored recommendations. The use of algorithmic targeting is found
to broaden market coverage and encourage more purchases of the higher-margin product. In the new busi-
ness scenario, we first rationalize opaque selling via convex preferences under complete information. Our
findings align with existing literature, highlighting the value of opaque selling due to its price discrimi-
nation effect within a bundled product menu. When algorithmic targeting interacts with opaque selling, it
may render opaque selling ineffective in boosting profits. This inefficacy is especially pronounced when the
disparity between the two basic products (in terms of production cost) is too large or small. When these
two instruments are implemented together, the seller strategically withholds information from low-segment
consumers while fully disclosing it to intermediate-segment consumers who opt for opaque products. This
information structure aims to enhance demand and profitability for the opaque product, which yields the
highest marginal profit in the product portfolio. Furthermore, welfare analysis reveals that the seller can
efficiently improve profit using algorithmic targeting, but consumer surplus may be compromised. While
aggregate social welfare can benefit from this emerging technology, consideration should be given to regu-
lations aimed at safeguarding consumers.

We also discuss the practical implications of opaque selling and algorithmic targeting, both indepen-
dently and jointly. Opaque selling enhances price discrimination by introducing an intermediate product that

primarily targets high-type consumers, effectively increasing profitability within this segment. However, it
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has limited impact on low-type consumers. In contrast, algorithmic targeting is highly versatile, influenc-
ing consumer beliefs across various segments and proving effective in diverse scenarios. Nevertheless, it
requires careful management to mitigate intra-cannibalization and ensure profitability across product lines.
When employed together, these two levers can work effectively in shaping consumer purchasing behav-
iors: opaque selling focuses on high-type consumers, while algorithmic targeting extends market reach to
low-type consumers.

The rest of this paper is structured as follows. Section 2 provides a review of relevant literature. Section
3 presents the basic model setup. Section 4 examines a traditional business scenario where the seller offers
only basic products in vertical markets, with algorithmic targeting serving as the sole marketing tool. Section
5 studies a new business scenario where opaque selling as a means to expand the product line is introduced,
exploring its interaction with algorithmic targeting in determining the seller’s optimal operational strategy.
Section 6 discusses the implications of using opaque selling and algorithmic targeting independently and in
combination. Section 7 conducts robustness checks on the main results under alternative setups. Section 8

provides a summary of the main conclusions.

2 Literature Review

Our work is closely related to two main literature streams: (1) algorithmic targeting in e-commerce and

online market and (2) opaque selling in product line design.

2.1 Algorithmic Targeting in E-commerce and Online Market

Our research contributes to the growing literature examining how firms leverage consumer data to optimize
algorithmic targeting within digital marketplaces. This approach often involves tailoring marketing efforts
to deliver personalized recommendations to individual consumers using advanced algorithms (Zhang and
Lahiri 2023, Iyer and Ke 2024, Iyer et al. 2024, Peng et al. 2025). Prior research underscores that targeting
technology helps reduce search costs for consumers (Goldfarb and Tucker 2019) and enhance overall mar-
ket efficiency (Goldfarb and Que 2023). Despite these benefits, concerns are mounting among consumers
and regulators regarding the potential misuse of targeting technology. The central issue is that such targeting
allows firms to discern consumers’ actual needs, enabling them to implement price discrimination (Trusov
et al. 2016, Baardman et al. 2023). Anticipating these challenges, recent studies explore how consumers
may strategically respond to firms’ targeting efforts (Wang et al. 2023, Li and Li 2023). However, these
studies generally assume that consumers have perfect knowledge of their willingness to pay or match value
for specific products. In reality, a common scenario in e-commerce is that consumers can only estimate this
information after seeing product characteristics (Ichihashi 2020) or after experiencing the products them-

selves (Zou et al. 2020). Moreover, advancements in data analytics increasingly enable firms to understand
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consumer needs better than the consumers themselves. Addressing this emerging trend, our research con-
siders a market where consumers have imperfect knowledge of their product fit. Using the framework of
information design, we investigate how firms can control the flow of information to consumers, thereby
influencing their purchasing decisions.

Our study contributes to the growing body of research on the application of information design in mod-
eling targeted advertising and recommendation systems (Kamenica and Gentzkow 2011, Kamenica 2019).
Within the e-commerce context, this framework investigates how platforms and firms can endogenously
design information environments to shape consumer usage or purchasing behaviors (e.g., Iyer and Zhong
2022, Kiiciikgiil et al. 2022, Gur et al. 2023, Ning et al. 2025). Our work is most closely related to the
study by Ning et al. (2025), which also investigates strategic targeting within the framework of information
design. However, their analysis focuses on a single-product setting, where strategic information pooling
is employed to encourage consumer adoption of the focal product and enhance firm profitability. In con-
trast, we examine how strategic targeting influences consumer choice across a portfolio of products. In
this multi-product context, we similarly demonstrate that targeted information provision can improve firm
profits. More importantly, our study highlights a critical nuance: when designing optimal information strate-
gies, sellers must carefully account for potential intra-product cannibalization effects. Therefore, our work
extends this stream of literature by incorporating strategic targeting into a multi-product environment and
uncovering new insights into the trade-offs firms face when managing informational influence across com-

peting products.

2.2 Opaque Selling in Product Line Design

Opaque selling has emerged as an important area in product line design, garnering significant attention in
the literature. Jiang (2007) and Fay and Xie (2008) are among the earliest works on opaque selling, showing
how it segments consumers in horizontally differentiated markets. By offering an opaque product, sellers
can target consumers with weak preferences, enhancing market efficiency through price discrimination.
Building on this, Fay and Xie (2010) and Jerath et al. (2010) compare opaque selling with other selling
strategies such as advance selling and last-minute sales. Further, Fay and Xie (2015) explore opaque selling
as a mechanism to improve inventory management by reducing overall inventory costs. Similarly, Li et al.
(2020) demonstrate that disclosing both inventory and preference information can boost customer satis-
faction and ensure long-term success, despite short-term revenue losses. Given the uncertainty in product
assignments, Elmachtoub and Hamilton (2021) further demonstrate that opaque selling works optimally
when all consumers are homogeneously pessimistic. From a channel dynamics perspective, Fay and Gheibi
(2024) examine opaque selling’s role in retailer-manufacturer relationships, finding that it reduces double-
marginalization inefficiencies. Most recently, Yin and Huang (2025) investigate the interaction between

opaque selling and customization, finding them to be strategic complements.



Article submitted to: Production and Operations Management
Peng et al.: Algorithmic Targeting for Opaque Selling 7

The above studies have enhanced our understanding of opaque selling in horizontally differentiated mar-
kets, particularly its role in reducing mismatches through efficient price discrimination. Our research, how-
ever, shifts the focus to vertically differentiated markets, where consumer preferences vary substantially.
In contrast to horizontal markets, where consumers show indifference towards component products, all
consumers in vertical markets strictly prefer higher-quality components. This raises a key question: Can
opaque selling apply effectively in vertical markets? Huang and Yu (2014) demonstrate that under standard
settings (i.e., certain demand, ample capacity, and full rationality), opaque selling is suboptimal. However,
under conditions of bounded rationality, opaque selling can be profitable, especially with dynamic strategies
(Huang and Yin 2021). Zheng et al. (2019) further validate the profitability of opaque selling by considering
salient thinking among consumers, where opaque goods serve as a context management tool. Moreover,
He and Rui (2022) identify consumers’ convex preference, characterized by diminishing marginal rates of
substitution, as the mechanism that facilitates the necessary conditions for profitable opaque selling. Within
the topic of inventory management, opaque selling has proven effective for offloading excess high-quality
products (Zhang et al. 2015) and as a tool for inventory clearance (Ren and Huang 2022). Other research
has extended its scope to specialized contexts, such as combating counterfeit goods (Gao and Wu 2023) and
designing rarity for collectibles (Hu et al. 2024).

Our work contributes to this stream of literature by exploring how opaque selling can be integrated with
other marketing strategies to jointly influence consumer purchasing behavior and enhance firm profitability.
In particular, our study is closely related to the recent work by Yin and Huang (2025), which examines the
interaction between opaque selling and product customization. Their analysis, centered on two product-side
strategies, highlights that combining multiple product-line design tools can yield performance gains. Dis-
tinct from their focus, we investigate the interplay between product-line design and information disclosure.
This allows us to reveal how firms can leverage both improved product-line structuring and belief manipu-
lation to boost profits. To the best of our knowledge, this paper is among the first to systematically analyze
the integration of algorithmic targeting with opaque selling in vertically differentiated markets. Therefore,
our study offers insights into how opaque selling and, more broadly, other product line design methods can

be effectively coordinated with informational levers to improve firms’ performance in digital markets.

3 Basic Model

In this section, we introduce our basic model following the sequence of events. First, we describe the seller’s
product line design problem in Section 3.1. Next, we explain how the seller conducts algorithmic targeting
by optimizing the recommendation algorithm in Section 3.2. Finally, we characterize how consumers make
purchase decisions based on the seller’s product portfolio and the recommendation information in Section

3.3.
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3.1 Seller’s Product Line Design

We begin by describing the main elements in the basic model, wherein a monopolist seller offers two ver-
tically differentiated products to the consumer. The seller spends the production cost ¢; to produce a type
J product with the quality ¢;, where j € {l, h}. The high-quality and low-quality products are denoted as h
and [, respectively. Following existing literature (e.g., Huang and Yu 2014, He and Rui 2022), we treat c;
and g, as exogenous variables, and the seller can adjust the price p; of different products. Without loss of
generality, we assume ¢, > ¢; and g, > ¢, indicating that the high-quality product requires a higher produc-
tion cost. Meanwhile, we normalize the production cost and the extrinsic value for analytical tractability by
setting g, =1,9,=¢q,c,=c,and ¢; =0, where 0 <c < land 0 < g < 1.

In addition to selling basic products with transparent types, the seller can offer consumers an alternative
option in the form of opaque products, which randomly allocate between high-quality and low-quality
products. When a consumer purchases the opaque product, they receive the high-quality product with a
probability of A € (0, 1) and the low-quality product with a probability of 1 — A. Consistent with previous
studies (e.g., Zheng et al. 2019, Ren and Huang 2022), the seller determines the preannounced probability
and cannot deviate from this commitment due to regulations or laws. We use the notation o to denote the
opaque products, and the seller can sell a type j product to the consumer after introducing opaque selling,
where j € {l,0,h}. Intuitively, the production cost of one unit of opaque product can be expressed as ¢, =
Ac. Correspondingly, the expected quality of the opaque product is g, = A+ (1 — A)g (He and Rui 2022).
We assume that, apart from production costs, selling and delivering both basic products and the opaque
product does not incur extra costs for the seller. In Section 7.3, we demonstrate the robustness of the main

results by accounting for the additional costs associated with selling the opaque product.

3.2 Seller’s Algorithmic Targeting

Under the framework of information design, we model the seller’s algorithmic targeting as the design of
a recommendation system. Specifically, we capture algorithmic targeting by allowing the seller to strate-
gically pool information for certain consumer segments while fully revealing it to others, reflecting the
key functionality of this emerging technology. We assume that consumers are heterogeneous with respect
to their valuation type, 6, which is uniformly distributed over the interval [0, 1]. A higher 8 represents a
stronger preference for product quality and a greater inclination to pay for better offerings. At the outset,
the seller chooses a recommendation algorithm o(m|0), which serves as a signaling rule between the con-
sumer’s type 6 and the recommendation information m. Consistent with prior literature on targeting (e.g.,
Ichihashi 2020, Zhang and Lahiri 2023, Ning et al. 2025), we assume that consumers are initially unaware
of their exact type and estimate 0 based on the received recommendation. This assumption captures a grow-

ing phenomenon where advancements in data analytics allow firms to understand consumer preferences
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better than the consumers themselves. Moreover, since consumers often only realize their actual type or
preferences after using a product (Zou et al. 2020), they heavily rely on the seller’s recommendation to
make purchase decisions. In this process, the seller first designs 6(m|0), and then a type-8 consumer arrives.

Upon receiving the recommendation m, the consumer updates belief u(0|m) using Bayes’ rule:

 o(m]8)/ ()
HOI) = T mle) £ (0)d" M

where f(0) is the prior distribution of 6. Based on the posterior belief, the consumer makes a purchase deci-

sion according to the posterior expectation, denoted as 0,, = E(8|u, m). Recommendations can vary in form,
such as personalized or group recommendations, and differ in their level of information granularity (Kong
et al. 2024). Reflecting common practices in customer segmentation, we focus on a monotone partitional
information structure (Dworczak and Martini 2019, Guo and Shmaya 2019), where recommendations take
two main forms:

* Personalized recommendations with accurate information (Policy A): A unique recommendation is
provided to each consumer, accurately reflecting their type 6. Given the recommendation, the posterior
expectation is 0, =0.

* Group recommendations with range information (Policy R): A uniform recommendation is given to
all consumers within a specified range 6 € [0, 8]. The posterior expectation for consumers in this group is
6, — 0.

The model’s policies reflect real-world practices where firms adjust recommendation accuracy to meet
strategic objectives. Personalized recommendations use cookies and historical data to analyze individual
consumer profiles, delivering tailored suggestions, as seen in Priceline’s “Just for You Recommendations”
feature. In contrast, group recommendations categorize consumers into tiers, analyze information at the
group level, and offer uniform suggestions for each group. For instance, Trip.com classifies users as Silver,
Gold, or Platinum and provides tailored recommendations for each tier. Compared to personalized recom-
mendations, group-based approaches are more likely to lead consumers to consider products that do not
perfectly match their needs. By strategically adjusting the granularity (i.e., policy A or R) of its recom-
mendation algorithm, sellers can optimize algorithmic targeting to shape consumer beliefs and influence
purchasing behavior. In the main model, we assume both targeting strategies incur no additional costs for
the seller, reflecting the efficiency of modern data analytics and recommendation systems. In Section 7.2,
we demonstrate the robustness of the main results by incorporating the additional costs associated with

Policy A.

4 For example, a consumer with a $1000 budget might receive a group-based recommendation (Policy R) showing laptops priced
from $800 to $2000, anchoring their expected spending at $1400. Under a personalized recommendation (Policy A), the seller
would directly suggest laptops priced around $1000, aligning exactly with the consumer’s budget.
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3.3 Consumers’ Purchasing Decisions

Previous studies have identified several mechanisms driving the profitability of opaque selling in vertically
differentiated markets, as summarized in Table 1. In the basic model, we focus on a single-period scenario,
excluding considerations like bounded rationality and inventory management. To explain the profitability
of opaque selling, we adopt the convex preference framework from He and Rui (2022) to model consumer

utility. We shall explore a setup involving bounded rationality in Section 7.1, where the key findings remain

robust.
Table 1 Summary of opaque selling in vertically differentiated markets.
Existing literature Main feature
Huang and Yu (2014) . . .
Bounded rationality Anecdotal reasoning in a dynamic setting
. Huang and Yin (2021)
(Section 7.1) - —— - -
Zheng et al. (2019) Salient thinking in a static setting

Convex preference ) . . e . .
He and Rui (2022)  Diminishing marginal utility in a static setting

(basic model)

Zhang et al. (2015) Excess capacity in a static setting
Inventory management

Ren and Huang (2022) Inventory clearance in a dynamic setting

We assume that each consumer in the market purchases at most one unit of the product, selecting the
option that yields the highest nonnegative payoff. For simplicity, we assume that when indifferent between
options, a consumer weakly prefers the higher-quality product. Consumers who choose not to make a pur-
chase derive a utility of zero, denoted as n. A key feature of our model is the integration of both a linear
component (U") and a convex component (U€) into the consumer utility function (U). Under complete
information, the decision problem for a type-0 consumer, considering whether and which product to pur-
chase from the seller, can be formulated as:?

max U(6,))=

je{l,o,h,n}

2

aU¢+ (1 —a)U*r, je{l,o,hn},
0, j=n,

where a € [0, 1] represents the degree of preference convexity. Consistent with prior literature (e.g., Moorthy

1988, Zheng et al. 2019), the linear utility component is defined as:
UL(evpj)Qj)Eeqj_pj’ je{lvovh}v (3)

which is standard in operations management and marketing literature, capturing the baseline price-quality

trade-offs. To illustrate preference convexity, we consider a normative utility maximization problem in

5 When the actual 8 is unknown, the consumer forms a posterior belief 6,, based on the seller’s recommendation m. The utility

function then uses 0,, in place of 6.
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microeconomics, where consumers, heterogeneous in wealth, select an option from a feasible consumption
set to maximize their utility. In vertically differentiated markets, consumers’ type O typically represents their
wealth or budget.® Depending on the value of 0, consumers choose a product offered by the seller. Thus, in
our model, each consumer’s consumption set consists of three options j € {/,0,h}. The following definition

and lemma summarize the concept of preference convexity and introduce our choice of utility function U€.’

DEFINITION 1. A preference relation >~ on a consumption set X is convex if, for any x € X, the upper

contour set {y € X | y = x} is convex.

LEMMA 1. If a utility function represents preference relation >, then this utility function is (strictly) qua-
siconcave if and only if = is (strictly) convex. The following utility function represents such strict convex

preference in the basic model:
U0 —pj,q;)=0—p))g;, Jje{l,o0h}. 4)

This quasiconcave utility function captures how consumers evaluate their choices by considering the
utility derived from the main product (quantified by ¢;) and the remaining budget available for the composite
good (measured by 8 — p;).* The term “composite good” is an economic abstraction that captures all other
goods in the budget aside from the main product. It reflects what must be given up, along the budget
constraint, to consume more of the main product. Although the term does not necessarily imply multiple
goods, it can be treated as a single representative good to simplify demand analysis. This formulation allows
the joint consumption of the main product and the composite good to be captured by a Cobb-Douglas
utility function over two goods, enabling the model to incorporate diminishing marginal utility within our
single-purchase context.

To better illustrate this idea, consider a consumer planning a vacation. The utility function (6 — p;)q;
reflects the combined influence of the main product’s quality (e.g., a hotel) and the quality of composite
goods (e.g., dining, transportation, and leisure activities), which is positively related to the remaining bud-
get © — p;. The utility is maximized when the budget is optimally balanced between the hotel and other
expenditures, avoiding extremes such as spending the entire budget on the hotel (p; = 0) or exclusively on
other commodities (p; = g; = 0). In this sense, convex preferences reflect consumers’ “variety-seeking”

behavior in their consumption. This behavior aligns with the principle of diminishing marginal utility, which

® This is one of the most common observations in literature investigating vertically differentiated markets: an increase in  corre-
sponds to the purchase of higher-quality products, reflecting the tendency of wealthier consumers to prefer higher-quality goods.

7 For further discussion on preference convexity, refer to microeconomics textbooks, such as (Jehle 2001, p. 11).

8 While we currently use a unified parameter 6 to flexibly map to either willingness-to-pay (in the linear utility) or budget (in the
convex utility), we can also adopt the more traditional interpretation of 0 as either willingness-to-pay for quality or as a budget
parameter. For example, if 0 reflects willingness-to-pay, the remaining budget can be modeled as a non-decreasing function g(6).
This alternative yields the same qualitative insights as our current formulation.
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highlights the consumer’s desire for balance: hotels, dining, transportation, and leisure activities cannot per-
fectly substitute for one another, even though they serve related purposes. Moreover, this utility function
serves as a simplified yet tractable variant of the Cobb-Douglas utility function, widely employed to repre-
sent convex preferences. Prior studies, such as Shaked and Sutton (1982) and Bolton and Bonanno (1988),
have demonstrated its applicability in vertically differentiated markets.” Additional technical details on the
choice of U€ are discussed in the proofs. Section EC.1 in the E-companion extends the analysis to consider
more generalized utility forms, demonstrating that the key insights of the model remain robust.

To summarize, our model integrates both linear and convex components to characterize consumer utility
in a unified framework. While each component has been individually explored in prior studies on opaque
selling, our approach is distinct in introducing a weighting parameter o, which captures the extent of con-
vexity in consumer preferences. This parsimonious formulation allows us to flexibly model varying degrees
of variety-seeking behavior, thereby enriching the analysis of how preference convexity influences product
choice under opaque selling. This dimension has received limited attention in the existing literature. We

formalize this insight in the following proposition.

PROPOSITION 1. Given a pair of basic products with prices (p;, p,), it is profitable for the seller to intro-
duce the opaque selling strategy if and only if consumers exhibit convex preferences (ot > 0). Furthermore,

the number of consumers purchasing the opaque product increases in the degree of preference convexity.
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Figure2 How preference convexity influences consumer utility U (0, j) and market segmentation.

The findings are depicted in Figure 2, illustrating how market segmentation equilibrium varies in the
degree of preference convexity. This result echoes prior literature, which shows that, in the absence of

excess capacity (Zhang et al. 2015), bounded rationality (Zheng et al. 2019), or convex preferences (He and

% For example, Shaked and Sutton (1982) adopt U = u,(t — p;) to model the utility of a type-t consumer purchasing a product k,
where u; represents product quality and py its price.
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Rui 2022),!° opaque selling cannot be a profitable strategy for sellers. More importantly, by incorporating
both linear and convex components, our model captures a broader spectrum of consumer preferences. The
weight parameter o0 governs the relative contribution of the convex utility term. A higher o reflects stronger
convex preferences, which align with empirically observed behaviors such as variety-seeking or aversion
to extreme allocations. As o increases, the opaque product becomes more attractive, offering a balanced
trade-off between quality and price while avoiding extreme outcomes. Therefore, unlike prior studies that
assume purely linear or convex utility forms, our hybrid utility formulation offers a novel framework to
examine how varying degrees of preference convexity influence consumer choices in the context of opaque
selling.

Timeline. The sequence of events is depicted in Figure 3.

1. Product Line Design: The seller designs the vertical product line by setting the prices (p;, p;,) for the
basic products. After incorporating opaque selling, the seller also sets the price p, and the mixing probability
A for the opaque product.

2. Algorithmic Targeting: The decision of algorithmic targeting can be characterized by specific thresh-
olds related to 6 and the information policy (A or R) within each interval. In a traditional business scenario,
consumers either do not purchase any product (j = n) or purchase one of the basic products (j € {,h}).
This creates three market segments, with the information structure represented by two thresholds (6;,6,).
In a new business scenario, an additional threshold 6, is introduced for the opaque product.'!

3. Consumer Purchases: After the consumer’s type 6 is determined by nature, the recommendation
information m is generated. The consumer updates the belief about 8 and makes a purchase decision.

A summary of the main model nomenclature is provided in E-companion Section EC.2.
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Figure3 Sequence of events.

10Tndeed, the linear form (6g — p) serves as a simplified approximation of a more general utility function to facilitate the study of
product differentiation and pricing in vertically differentiated markets. While analytically tractable, it lacks strictly convex prefer-
ences due to its linear indifference curve. Section 3.1 of He and Rui (2022) shows this limitation is usually negligible but crucial
for modeling opaque selling.

' The sequential order of product line design and algorithmic targeting does not affect the results because the seller makes both
decisions without knowing the type of each arrived consumer. In practice, the design of the recommendation algorithm may precede
or follow the product line design, depending on the firm’s existing analysis system.



Article submitted to: Production and Operations Management
14 Peng et al.: Algorithmic Targeting for Opaque Selling

4 Traditional Business Scenario

In traditional selling, the seller provides the basic (i.e., high-quality and low-quality) products to consumers.
The market will be segmented into three parts: non-purchase market n, low-end market /, and high-end
market 4. The equilibrium market segmentation is thus characterized by two thresholds 6, and 0,. The
demand for product / is determined by the difference (6, — 6,), while the demand for product % is (1 —
0,). Because the recommendation to customers can take two forms (A or R), and there are three market
segments in equilibrium, the information scheme can be further refined by specifying the recommendation
form in each segment. Table 2 summarizes the information schemes we have discussed in this section. For
example, ARR represents the situation wherein the seller provides the no-purchase consumers with accurate
information while pooling information for the other two types of consumers. Other possible structures (e.g.,
AAR) are strictly dominated by the information structures in the table, and the specific proofs are relegated
to Section EC.3.2 in the E-companion. We start by analyzing the case of complete information, where the

seller discloses accurate information to all consumers (i.e., AAA).

Table 2 Notation of different information policies (traditional selling).

Case | Structure Descriptions
Traditional L% AAA Accurate information for all consumers
. b ARR | Pooling information for segment / and A
Business — -
c ARA Pooling information for segment /

4.1 Complete Information Benchmark

Complete information represents traditional mass marketing approaches where firms disseminate full prod-
uct information to all consumers. Examples include TV commercials, catalog distributions, and banner ads
that showcase the entire product range without differentiation. This is a classic example of John Wana-
maker’s famous quote: “Half my advertising spend is wasted; the trouble is, I do not know which half’!?
Such campaigns were commonly used before the advent of consumer-level data analytics, relying on broad
exposure to prompt self-selection among heterogeneous consumers. The information structure corresponds
to the AAA case, and we denote it by superscript a. When the seller provides a pricing scheme (p¢, p%),
the market cutoffs are derived as: 8¢ = Z—"1U=9% ynq ge — @ + pfa. The seller’s optimization problem,

aiming to maximize profit, can be expressed as:

max 1= (pf — (1 - 63) + pi (6 — ). )
PPy

2 Forbes.  Wanamaker =~ Was Wrong - The Vast Majority Of  Advertising Is  Wasted.  Accessed

August 30, 2025, https://www.forbes.com/sites/georgebradt/2016/09/14/

wanamaker—-was—-wrong-the-vast-majority-of-advertising-is-wasted/?sh=1595be7f483Db.


https://www.forbes.com/sites/georgebradt/2016/09/14/wanamaker-was-wrong-the-vast-majority-of-advertising-is-wasted/?sh=1595be7f483b.
https://www.forbes.com/sites/georgebradt/2016/09/14/wanamaker-was-wrong-the-vast-majority-of-advertising-is-wasted/?sh=1595be7f483b.
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Solving this optimization problem, we can obtain the optimal pricing (p¢ , p¢") for these two products. This
equilibrium strategy, consisting of product-line and information design, is recorded as {(p¢, p¢),AAA}.
In turn, the market cutoffs (89,089 ) can be derived. The detailed values are shown in Section EC.3.1 in
the E-companion. Given the equilibrium prices and market cutoffs, the market segmentation holds under
the condition that 0 < 97* < GZ* < 1, which is satisfied when the cost ¢ is below the threshold defined by
¢ < 1-9)2-a2-q)

> sollq) D That is, when the production cost of the high-quality product exceeds this threshold, the

equilibrium degenerates into a two-interval form, where no customer purchases the high-quality product.

4.2 Algorithmic Targeting

Algorithmic targeting enables the seller to accurately reveal or pool information for specific consumers.
We use the complete-information case as the primary benchmark. Alternatively, one could consider the
no-information case as the benchmark, in which the seller pools information across the entire consumer
segment. In both cases, the value of algorithmic targeting lies in its ability to strategically pool information
for certain consumer segments while fully disclosing it for others. For the remainder of the analysis, we
focus on how strategic information disclosure enabled by algorithmic targeting can improve the seller’s
performance relative to the complete-information benchmark. The seller selects one of two strategies based
on the marginal profit of the two basic products. These strategies are denoted as ARR (with superscript ) and
ARA (with superscript ¢), with equilibrium outcomes expressed as {(p?", p? ),ARR} and {(p; , p, ),ARA},

respectively.

PROPOSITION 2. Compared to the complete-information benchmark, strategically pooling information
expands market coverage and increases profit. In traditional selling, when the production cost of the high-
quality product is low, the seller adopts the strategy {(p?", p?),ARR}. Otherwise, the optimal strategy shifts
to {(p$",p),ARA}. Detailed equilibrium results are presented in Table 3.

Table 3 The optimal strategy in the presence of algorithmic targeting.

Condition Pricing Strategy Information Structure
l—g—atqo | p* _ cq b _ ct+(1=g)(1-0)—co(l—g)
€< Targe | Pl T aiga=a P = 20-9(I—o) ARR
1—g—o+qa o q c* q
€2 T arge Pi = sicarga P 213 ARA

Proposition 2 indicates that the seller always provides accurate information for the non-purchasing mar-
ket while pooling information for the low-end market. For the high-end market, the seller customizes the

information disclosure based on marginal profits. When the high-quality product is more profitable (i.e.,

1—g—0+go

¢ < 1—o+qo

), the seller pools information in the high-end market. This strategy strengthens consumers’

beliefs about their type 0, thereby expanding the high-end market. On the other hand, when the cost exceeds
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this threshold, the low-quality product becomes more profitable. In such cases, the seller fully discloses
information for the high-end market and sets a higher price p , leading all consumers in this segment to
switch from purchasing the high-quality product to the low-quality product. In summary, strategically pool-
ing information within a specific market segment can boost demand in that segment but may reduce it in
others, resulting in an intra-cannibalization effect. This trade-off is crucial in shaping the seller’s infor-
mation policy decisions. Building on the equilibrium results, we further analyze the impact of algorithmic
targeting on consumer surplus and social welfare in the E-companion. The findings suggest that while algo-
rithmic targeting may reduce consumer surplus, it consistently increases overall social welfare, as the gain
in the seller’s profit outweighs the loss in consumer surplus. For a detailed discussion, see Corollary EC.2

in the E-companion.

5 New Business Scenario

In this section, we study algorithmic targeting in new business scenarios, which refer to the situation wherein
the consumer’s purchasing choice expands beyond the basic products. As a typical example, opaque selling
is the paper’s focus. By this means, we examine whether algorithmic targeting can still play a role as the
product line has already expanded in new business models. With opaque selling, the seller offers an addi-
tional opaque product indexed by o. The price of the opaque product is p, and the mixing probability of
high-quality products is A. The market will be segmented into four parts: non-purchase market n, low-end
market /, opaque selling (intermediate) market o, and high-end market 4. The equilibrium market segmen-
tation is thus characterized by three thresholds 6, 0,, and 0. The demand for low-quality, opaque, and
high-quality products are (6, —6;), (6, —6,), and (1 — 8,,), respectively. Consistent with how we character-
ize the information scheme in Section 4, we employ Table 4 to summarize the information schemes we have
discussed. For instance, ARAA represents the situation wherein the seller pools information for the low-
type consumers while revealing accurate information for other consumers. Other possible structures (e.g.,
AARR) are strictly dominated by the information structures in the table, and their discussions are relegated

to Section EC.3.2 in the E-companion. We start with the case of complete information (i.e., AAAA).

Table 4 Notation of different information policies (opaque selling).

Case | Structure Descriptions

Opaque | d AAAA | Accurate information for all consumers

Selling | e ARAA Pooling information for segment /
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5.1 Complete Information Benchmark

The complete information structure corresponds to the AAAA case, and we denote it by the superscript d.
When the seller conducts a product line design (p1, Pns Poy M), the market thresholds are derived as: 8¢ =
,,,(1p+1,, 0d = "’1+”’“(q71>§’(’;(_°°1()‘771)(k D=0 "and 6 = p,0 + 2ty The corresponding optimization
problem is expressed as:

max TI=(p; —c)(1 - 6;) + (p; — A'c)(6; — 65) + pi (85 — 67). (6)

ph p] sPo> g \d
Solving the optimization problem, we can obtain the optimal design (p¢", p¢, p® ,A%") and this equilib-
rium strategy is recorded as {(p¢ , p¢ , p? ,A?"),AAAA}. The market cutoffs (8¢ ,67 08¢ ) can be derived

I »Yo

accordingly. The detailed values are shown in Section EC.3.1 in the E-companion.

5.2 Algorithmic Targeting

The optimal algorithmic targeting strategy in conjunction with opaque selling is more nuanced compared
to traditional selling. Both levers can improve market segmentation, but in equilibrium, the seller may
implement only one of them. For instance, if the seller implements only algorithmic targeting without
introducing opaque selling (by setting A = 0 or 1), the optimal strategy becomes the one described in
Proposition 2. In the following, we characterize the seller’s optimal strategy when both algorithmic targeting

and opaque selling are available.

PROPOSITION 3. When the seller is able to strategically pool information and introduce opaque selling,
it consistently adopts the pooling strategy. However, opaque selling is implemented only if the disparity
between the two basic products is at an intermediate level (¢ < ¢ < T). When these conditions are met,
the seller combines both levers, and the optimal strategy is {(p¢", p , p¢ , A" ),ARAA}. The corresponding
market segmentation satisfies 0 < 05 < 02 < 0; < 1. The thresholds ¢ and ¢ are functions of both q and o,

and their closed-form expressions are provided in the E-companion.

Opaque selling emerges only when the production cost of the high-quality product, c, falls within an
intermediate range. To better understand this result, we examine how the optimal mixing probability A*
varies with ¢. When the cost is sufficiently low (i.e., ¢ < &), the high-quality product becomes more prof-
itable for the seller. In this case, the equilibrium mixing probability is A* = 1, meaning the opaque prod-
uct consists entirely of the high-quality item. Conversely, when the cost is sufficiently high (i.e., ¢ > ©),
the seller strongly favors the low-quality product. The resulting equilibrium is A* = 0, and the opaque
product includes only the low-quality item. At intermediate cost levels, the seller adopts the strategy
{(ps",ps S ,A),ARAA}, which combines algorithmic targeting and opaque selling. In this equilibrium,
the seller pools information for lower-type consumers while fully disclosing product information for higher-
type segments. This strategy expands overall market coverage and enhances demand for the opaque product,

while full disclosure in higher segments mitigates the risk of intra-product cannibalization.
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The ARAA structure maps closely to industry practices in algorithmic targeting, where firms strategically
pool information for low-valuation consumers while fully disclosing it to high-valuation ones. For example,
Trip.com segments users into different tiers, with high-tier members receiving personalized hotel and activ-
ity suggestions. In contrast, entry-level users often see more standardized offerings labeled with heuristic
cues such as “Best for Budget-Conscious Travelers” or “Popular Choice for Budget Travelers.” Similarly,
Expedia Group’s One Key and Booking.com’s Genius programs also provide higher-tier users with more
exclusive recommendations.'®* These practices reflect our model’s prediction that firms may withhold or
aggregate information for low-type consumers to shape favorable beliefs and encourage engagement, while
deploying fine-grained personalization for consumers with higher valuations.

This proposition identifies the conditions under which the seller finds it optimal to combine opaque
selling with algorithmic targeting. In all other cases, the seller’s optimal strategy reverts to one without
opaque selling, as characterized in Proposition 2. In the following proposition, we shall identify the seller’s
optimal strategy under different market conditions and analyze how it evolves in response to changes in key

exogenous parameters.

PROPOSITION 4. Depending on consumer preferences and product characteristics, the seller chooses
among three strategies to maximize profit:

o When c < é(q,Q): The optimal strategy is {(p*, p?*),ARR}. The seller offers only the low- and high-
quality products; opaque selling is not employed.

* When &(q,a) < ¢ < ¢(q,): The optimal strategy is {(p5*, pi*, po*, \*),ARAA}. The seller offers all
three products: low-quality, opaque, and high-quality.

* When ¢ > ¢(q,a): The optimal strategy is {(pS*,ps*),ARA}. The seller offers only the low-quality
product and excludes both high-quality and opaque options.
The thresholds satisfy: ¢(q,q) decreases with both q and o, whereas ¢(q,0) decreases with q but
increases with o. When ¢(q,0.) < ¢(q, ), the optimal strategy is {(p?*, pt*),ARR} when ¢ < &(q,0) and
{(p5*, ps*),ARA} otherwise.

To interpret this result, it is helpful to revisit the insights from Proposition 2. The strategies
{(p*, pb*),ARR} and {(pS*, p;*), ARA} are optimal when the seller aims to extract profit primarily from the
high- and low-quality products, respectively. When the high-quality product’s production cost is sufficiently
low (c < é(g, @), the seller adopts the {(p?*, p?*), ARR} strategy to boost demand for the high-quality prod-
uct and increase profitability. Conversely, when c is large, the seller finds it more profitable to withdraw

from offering the high-quality option and instead adopts the {(p{*, p;*),ARA} strategy, which emphasizes

3Expedia Group. Expedia Group Announces ‘One Key, a Groundbreaking New Loyalty Program
That Rewards Every Traveler. Accessed August 30, 2025, https://www.expedia.com/newsroom/
expedia-group—announces—-one-key—-a—-groundbreaking-new-loyalty-program-that-rewards—-every-traveler/.


https://www.expedia.com/newsroom/expedia-group-announces-one-key-a-groundbreaking-new-loyalty-program-that-rewards-every-traveler/
https://www.expedia.com/newsroom/expedia-group-announces-one-key-a-groundbreaking-new-loyalty-program-that-rewards-every-traveler/
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the low-quality product. The strategy {(p{*, pi*, po*, A**),ARAA}, which involves offering the opaque prod-
uct with a mixing probability A, emerges only when the cost ¢ lies within an intermediate range. Notably,
this hybrid strategy degenerates to the other two when A approaches 1 or 0. Specifically, if A = 1, the opaque
product consists solely of the high-quality option, aligning with {(p?*, p%*),ARR}; if A = 0, the opaque
product includes only the low-quality version, consistent with {(p¢*, pi*), ARA}.

These dynamics are illustrated in Figure 4. Subfigures (a) and (b) show how the optimal strategy
transitions from {(p?*, p?*),ARR} to {(p¢*, ps*, p=*,A"),ARAA} and eventually to {(p{*, pi*),ARA} as ¢
increases. The economic intuition is that rising production costs of the high-quality product prompt the seller
to shift focus from high- to low-quality offerings to maintain profitability. The proposition further shows
how the two cost thresholds, ¢(g, o) and ¢(g, o), vary with ¢ and o. To understand the effect of low-quality
product’s quality ¢, we can fix (c, o) and compare strategy choices across the three subfigures. The general
pattern remains consistent: as the quality of the low-end product improves, the optimal strategy transitions
from {(p?*, pi*),ARR} to {(p¢*, pi*, po*,A**),ARAA} and eventually to {(p{*, p;*),ARA}. In other words,
higher values of ¢ and ¢ both diminish the relative appeal of the high-quality product, encouraging the seller
to adopt strategies centered on low-quality options. Thus, these two parameters shape strategic transitions
in similar ways. Further analysis in the E-companion reveals that when g is sufficiently large, we may have
¢(gq, ) < &(g, o). In this case, the intermediate regime supporting opaque selling disappears, and the seller
never finds it optimal to use the ARAA strategy. The intuition is that with high g, mixing in the low-quality
product alone can be highly profitable, leaving no incentive to combine it with the high-quality alternative.
This special case is illustrated in Figure 4(c). The degree of preference convexity o also plays a critical role.
As shown in Proposition 1, a higher o increases the opaque product’s attractiveness to consumers. Con-
sequently, higher values of o broaden the range of conditions under which the strategy involving opaque
selling becomes optimal. This effect is clearly illustrated by the comparison between Figures 4(a) and (b).

In the E-companion, Figure EC.2 visualizes how the seller’s maximum profit varies with production cost

¢, corresponding to the three scenarios (g = %, é, i) in Figure 4. The general pattern confirms that lower
production costs ¢ and/or higher quality g lead to greater profits. Finally, the E-companion also examines
how algorithmic targeting affects consumer surplus and social welfare in the presence of opaque selling. As
with the case without opaque selling, algorithmic targeting may reduce consumer surplus but consistently
enhances social welfare, since the gain in seller profit outweighs the consumer loss. For detailed results, see

Corollary EC.3.

6 Values of Opaque Selling and Algorithmic Targeting

This section first evaluates the effect of opaque selling or algorithmic targeting separately and then considers
their combined value. To facilitate the discussion, we summarize the equilibrium results across different

business scenarios. Figure 5 (a) illustrates the seller’s optimal strategy selection when no lever, one lever,
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Figure4 Seller’s optimal strategy under various conditions.

Note: The figure maps the firm’s optimal strategy across the parameter space (o, ¢), with panels (left to right) showing decreasing
1

quality differentiation (g = 7, %, %) Green regions indicate adoption of both opaque selling and algorithmic targeting.
or both levers are available. Figure 5 (b) presents a comparison of market segmentation outcomes across
these cases. In brief, opaque selling primarily enables price discrimination by expanding the product line to
include an intermediate product aimed at high-type consumers. Algorithmic targeting influences consumer
beliefs about product preferences, driving higher sales of the higher-margin product. Regarding the strategy

adoption, algorithmic targeting is consistently employed, while opaque selling is used selectively, depending

on the characteristics of the basic products. Below, we discuss these findings in more detail.
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Figure5 Equilibrium results across different business scenarios.
Note: The red bold box indicates that the seller pools information within this range; please refer to the upper index in each

subfigure for cross-referencing details.
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6.1 Effect of Opaque Selling

To evaluate the value of opaque selling, we compare case a with case d, isolating its effect from algorithmic
targeting. Additionally, we compare cases b and ¢ with case e to assess its incremental value when combined

with algorithmic targeting.

PROPOSITION 5. Opagque selling expands the seller’s product line by introducing an intermediate product,
which helps enhance price discrimination, particularly among high-type consumers. The seller should adopt

opaque selling when the disparity between the basic products is intermediate.

Opaque selling is particularly effective for high-type consumers by offering a bundled intermediate prod-
uct, allowing the seller to charge higher prices to those who previously purchased high-quality products.
Specifically, under opaque selling, the equilibrium price for the high-quality product is higher (p{" > p%),
and this effect persists with algorithmic targeting (as seen by comparing case e with cases b and c). Con-
versely, the equilibrium price for the low-quality product decreases (p{ < p¢ ). This mechanism enables
effective price discrimination in the high-end market, enhancing profitability. However, opaque selling may
reduce profitability in the low-end market due to the lower price of the low-quality product. Proposition
3 outlines that opaque selling is only viable when the disparity between the basic products falls within an
intermediate range. Outside this range, the seller may adjust the mixing probability A* to either O or 1,

actually removing the opaque product from the market and using algorithmic targeting solely.

6.2 Effect of Algorithmic Targeting

Algorithmic targeting shapes consumer beliefs across a broader range of types by strategically pooling
information. To evaluate its impact, we compare cases ARR (b) and ARA (c¢) with full information bench-
mark (case AAA: a), isolating the effect of algorithmic targeting (i.e., cases b and c) from opaque selling.
Additionally, we compare case ARAA (e) with full information benchmark (AAAA: case d) to assess the
incremental value of algorithmic targeting (i.e., case e) when combined with opaque selling. The mechanism

and conditions for adopting algorithmic targeting are summarized in the following proposition.

PROPOSITION 6. Algorithmic targeting shapes consumers’ beliefs about product preferences, increasing
the purchase of the higher-margin product within the existing product portfolio. This strategy proves effec-
tive in either the low-end or high-end market, depending on profitability conditions, and the seller should

always adopt it to enhance profitability.

Although algorithmic targeting does not expand the seller’s product line by introducing new products,
it significantly benefits the seller by increasing purchases of the higher-margin product within the existing
portfolio. This advantage holds whether or not the seller adopts opaque selling. Comparing case a with

cases b and c, algorithmic targeting can effectively target either low-type or high-type consumers, depending
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on profitability conditions. When the low-quality product is more profitable (case c), algorithmic targeting
encourages more consumers to purchase the low-quality product. Conversely, when the high-quality prod-
uct is more profitable (case b), algorithmic targeting motivates more consumers to purchase the high-quality
product. When combined with opaque selling (case e vs. case d), algorithmic targeting and opaque selling
influence different consumer segments. Specifically, the seller strategically pools information to influence
low-type consumers and expand the low-end market, while opaque selling enhances profitability in the
high-end market. However, indiscriminately withholding information across all consumers can lead to intra-
cannibalization within the product portfolio (as discussed in Proposition 2). This explains why the seller
provides accurate information for selected consumer segments. Therefore, strategic information obfusca-
tion, particularly for low-end consumers, is essential to balance demand and marginal profitability across
products.

To understand why strategically pooling information can effectively expand the demand for specific
products, consider case b. Figure 6 illustrates market segmentation under two scenarios: (i) algorithmic tar-
geting with pooling information and (ii) traditional marketing with complete information disclosure. The
withdrawal of algorithmic targeting refers to reverting to non-algorithmic, full-disclosure strategies. Take
a consumer with 82" as an example. Under algorithmic targeting, this consumer forms a posterior belief
0, = ()" +67)/2, as the seller pools information within this range. This belief leads the consumer to pur-
chase the low-quality product, as it offers higher utility than no purchase, i.e., U(8,,,1) > U(8,,,n). Without
targeting, however, the consumer knows their actual type 82" and chooses not to purchase, as U(8?",1) <
U(8!",n). This shift also explains why consumers with 8 € (87",8"") transition from purchasing the low-
quality product to no purchase: their expectations about 6 drop from 6,, = (87" 4 027)/2 to lower levels.
Similarly, the demand for the higher-margin product (i.e., the high-quality product) decreases when target-
ing is removed. Consumers with 8 € (82", éﬁ) downgrade from purchasing the high-quality product to the
low-quality one because their expectations about 0 also fall. These findings highlight how strategic pooling
of information encourages lower-type consumers to form higher beliefs, thereby increasing their likelihood
of purchasing higher-quality products. Notably, this mechanism is particularly effective in converting no-
purchase consumers into buyers of the low-quality product. As observed in cases b, ¢, and e, the seller
should always pool information in the low-end market to expand market coverage.'* In summary, algorith-
mic targeting for low types implies strategically pooling consumers towards whom information is disclosed,
which boosts their overconfidence and increases willingness-to-pay by “feeling good about themselves.”

The findings in this section offer several insights. By examining how prices are influenced by opaque sell-
ing, we show that its underlying mechanism allows for price discrimination, particularly targeting higher-

type consumers. Additionally, opaque selling appears to be effective only when the disparity between basic

14In contrast, opaque selling expands the market by lowering the price of the low-quality product, whereas algorithmic targeting
achieves this by inducing low-type consumers to form higher beliefs about their types.
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Figure 6 Impact of algorithmic targeting on market segmentation in case b.

products is at an intermediate level. These insights may also apply to broader methods in product line
design, suggesting that the introduction of new products is often constrained by their market positioning
and the existing products available. Furthermore, our work shifts the focus from single-product pricing to
the role of algorithmic targeting within a product portfolio. While prior research typically examines how
algorithmic targeting can increase the price of a single product, we highlight its potential to enhance market
segmentation and boost the sales of high-margin products across an entire portfolio.

From a practical perspective, our findings offer guidance for firms considering the use of opaque sell-
ing and algorithmic targeting. The comparison of these two strategies suggests that firms should always
use algorithmic targeting, while the adoption of opaque selling depends on the characteristics of the basic
products. Algorithmic targeting, being a flexible and robust tool, can effectively influence consumer pref-
erences in either low-end or high-end markets, improving profitability. However, it comes with the risk of
intra-cannibalization, which requires careful strategic information disclosure to balance demand and prof-
itability across products. When applied together, opaque selling and algorithmic targeting can help shape
consumer purchasing behaviors more effectively: opaque selling primarily targets high-type consumers,

while algorithmic targeting focuses on low-type consumers, thus expanding market reach.

7 Extensions
7.1 Bounded Rationality

This section examines how algorithmic targeting interacts with opaque selling under the assumption of
bounded rationality. In this stream of literature, Huang and Yu (2014) and Huang and Yin (2021) character-
ize consumers’ boundedly rational behavior through the anecdotal reasoning framework. This framework
suggests that in multi-period sales, consumers in a focal period cannot observe the actual mixing probability
and instead estimate it based on the purchasing behaviors of past consumers. Similarly, in a single-period

setup, Elmachtoub and Hamilton (2021) adopt a similar notion, assuming that consumers cannot accurately
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observe the mixing probability. Building on this literature, we study bounded rationality within a simpli-
fied framework. Instead of using convex preferences (as in Equation 2), the decision problem for a type-0

consumer, determining whether and which product to purchase, is revised as:

0q: — pi, J=1

max U(0,))= Od; = po, J=o @)
jellohn} ’ 0g, — pn, j=h,
0, j=n

The expected quality of the opaque product is ¢, = Ag, + (1 — A)g;. Consumers’ estimation of its quality is
q! = min{yAg;, + (1 —YA)q;, g1}, where Y > 0O reflects the degree of bounded rationality.'> Consumers are
fully rational when y= 1. For y < 1, they underestimate the probability of receiving a high-quality product,
while for v > 1, they overestimate it. Maintaining the other assumptions of the model, we analyze the value
of algorithmic targeting under this bounded rationality framework, following the sequence in Section 5.
Consistent with Proposition 3, we examine whether opaque selling and algorithmic targeting can coexist

under the bounded rationality setup.

PROPOSITION 7. Inthe bounded rationality setup, the seller adopts algorithmic targeting across all market
conditions, while opaque selling is employed only when the disparity between the two basic products is at
an intermediate level, which is consistent with the findings in Proposition 3. The key difference is that the

two cost thresholds for implementing opaque selling now depend on q and Y.

Under bounded rationality, consumers tend to overestimate the quality of the opaque product, enabling
the seller to charge a higher price and extract greater profit. As in Proposition 3, opaque selling is optimal
only when the disparity between the low- and high-quality products is moderate. When the production cost
c is either too low or too high, the optimal mixing probability becomes either 0 or 1, and the opaque product

is thus excluded from the optimal strategy.

7.2 Additional Costs of Personalized Recommendation

The basic model assumes zero costs for implementing various information policies, reflecting the effi-
ciency of modern data management and recommendation systems. However, in practice, personalized
targeting could demand greater resources and incur higher expenses for the seller. In this section, we
introduce an additional cost, denoted as c,, for conducting personalized targeting to evaluate the robust-
ness of our primary findings. Under traditional selling, such costs do not affect the design or economic
value of algorithmic targeting, as the seller pools information for all consumers. In the new business sce-
nario, however, the cost of personalized targeting directly influences whether the seller adopts the strategy

{(ps", pe,pe ,A¢"),ARAA}, as this approach requires personalized targeting for high-type consumers.

'S An implicit assumption YA < 1 ensures that the overestimated probability does not exceed one.
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PROPOSITION 8. Higher costs of personalized targeting (Policy A) increase the likelihood of the seller
pooling information. Compared with Proposition 3, the seller still chooses among three strategies, but the
viability of {(p$ , ps , p , A< ),ARAA} narrows. Specifically, this strategy is adopted only when &, < ¢ < ¢,,

where the thresholds satisfy ¢ < ¢, < ¢, <C.

This finding highlights that the inclusion of additional costs for personalized targeting affects only the
quantitative viability of integrating algorithmic targeting with opaque selling. Intuitively, personalized rec-
ommendation becomes infeasible when the costs are prohibitively high (¢ > ¢,), aligning with established
principles in the information disclosure literature (Guo and Shmaya 2019). In such cases, the seller has
a stronger incentive to pool information across consumers. In the E-companion, Figure EC.3 illustrates
how the optimal strategy shifts with the inclusion of c,. As expected, the seller is more likely to adopt
the strategies {(p?", p2’),ARR} and {(p;, ps ),ARA}, as these involve more frequent pooling of consumer

information.

7.3 Additional Costs for Selling Opaque Products

The basic model assumes that selling opaque products incurs no additional costs for the seller. However, in
practical scenarios, activities such as logistics, packaging, and marketing may introduce extra expenses. To
account for this, we introduce an additional cost, denoted as c,, associated with selling opaque products to
consumers. When delivering opaque products involves additional costs, the seller is more inclined to rely

on the basic products, making strategies that include opaque selling less attractive.

PROPOSITION 9. Additional costs for selling opaque products alter the seller’s strategy under the new
business scenario: while the seller still chooses among three strategies only if c,, is not too large, the viability

of {(p¢", p5, p% A7), ARAA} diminishes.

In the traditional business scenario, the effect is straightforward: when selling opaque products is costless,
the seller introduces them unconditionally to extend the product line. This facilitates effective price discrim-
ination among high-type consumers. However, when additional costs are involved, the seller must weigh
these costs against the gains to decide whether to offer opaque products. Therefore, the seller is more likely
to adopt strategies {(p?", p?"),ARR} and {(p$", pS ),ARA}, as these strategies exclude the introduction of

opaque product.

8 Conclusion

This paper studies how algorithmic targeting shapes consumers’ purchasing decisions, firms’ operational
strategies, and market dynamics. We focus on a scenario where the seller holds an advantage over consumers

regarding match-related product information. The seller optimizes a product line comprising two vertically
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differentiated products and an opaque product resulting from their combination, strategically recommend-
ing these offerings to potential consumers. We examine two representative scenarios to comprehensively
explore the potential of algorithmic targeting. In the traditional business scenario, the seller offers only
basic products in vertical markets, with algorithmic targeting being the sole marketing tool. Additionally,
we investigate a new business scenario where, in addition to the two basic products, the seller expands
the product line with an opaque product resulting from their combination. In this context, we explore the
potential orchestration between these two closely related but distinct instruments.

We adopt an information design framework to model algorithmic targeting. In the traditional scenario,
the seller leverages information design to promote the higher-margin product. When opaque selling is
introduced, its value arises from price discrimination within the bundled product offering. The interactions
between algorithmic targeting and opaque selling depend on the characteristics of the basic products. When
the differences between the two basic products are too extreme, algorithmic targeting renders opaque sell-
ing ineffective in boosting profits. However, when these differences are moderate, the two strategies can
complement each other: opaque selling increases profits by introducing an intermediate product variety
for more refined market segmentation, while algorithmic targeting promotes consumers’ willingness-to-pay
by inducing them to feel good about themselves. The seller uses targeted information disclosure to influ-
ence consumer behavior, withholding information from low-type consumers while fully disclosing it to
intermediate-type consumers who choose the opaque product. Our work offers actionable insights for both
regulators and businesses. By analyzing diverse scenarios, we demonstrate the effectiveness of algorithmic

targeting in enhancing firm profitability, either independently or in combination with other approaches.
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