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Abstract. Referral programs are widely used for customer acquisition. Traditionally, these programs adopt 
a referral-reward approach, offering monetary incentives for successful referrals. However, many firms, 
especially in digital industries, have embraced an alternative, referral-upgrade programs, that reward 
successful referrers with product upgrades such as premium features or enhanced services. Despite their 
growing use, little is known about when such programs can outperform the traditional referral-reward 
approach. This paper develops a stylized model to compare these two referral mechanisms. We address two 
questions: (i) when referral-upgrade programs are more (or less) profitable than referral-reward programs, 
and (ii) how key factors such as referral costs and referral reachability, captured by multiple referrals and 
the degree of overlaps among referred friends, affect firms’ decisions and customer behaviors. We find that 
referral-upgrade programs are generally more profitable than referral-reward programs, and this profit 
dominance remains robust to various extensions such as marginal costs or boundedly rational customers, 
but may reverse when referral costs are correlated with customer valuations or when referral reachability 
expands via multiple referrals. Our findings offer managerial insights into when firms should adopt 
upgrade-based incentives to manage their referral programs. 
Keywords: referral-upgrade, referral-reward, product line design, versioning, pricing 

 

1. Introduction 
Referral programs are widely used as a popular customer acquisition strategy across industries. Firms face 
a managerial choice when implementing referral programs: whether to incentivize customers to make 
referrals through monetary rewards or non-monetary upgrades. Specifically, under a traditional referral-
reward program, firms provide customers with monetary or monetary-equivalent rewards for each 
successful referral. Under a referral-upgrade program, firms stimulate referrals by offering free product or 
service upgrades such as premium features or enhanced benefits. 

Firms usually adopt one of these referral programs across industries. Monetary-based referral programs are 
widely observed among financial institutions such as American Express and Discover, which offer cash-
back rewards for successful referrals. They also appear broadly across retail, travel, and even digital 
industries. Referral-upgrade programs, while common in digital contexts such as Dropbox and Spotify, 
which, respectively, provide extra storage space and ad-free music streaming experiences as referral 



incentives, also appear increasingly in non-digital industries, such as Anytime Fitness gyms1 and Sephora 
cosmetics2, rewarding successful referrals with enhanced membership experiences or exclusive gift 
packages. 

Interestingly, some firms may simultaneously utilize both referral mechanisms. Examples include those 
from the gaming industry: World of Tanks3, World of Warships4, and Caliber5 operate referral-upgrade 
programs by offering players premium in-game items or enhanced game accounts; they also embrace 
referral-reward programs by offering referral incentives in the form of in-game currency. This notable dual 
adoption in the gaming industry suggests that firms may experimentally execute both referral mechanisms 
to assess their relative effectiveness. 

The widespread use of referral-upgrade programs across digital and non-digital industries underscores their 
practical significance as an alternative to monetary-based incentives. Moreover, the coexistence of both 
referral programs in certain industries suggests that understanding how these two mechanisms compare is a 
practically important question for both researchers and practitioners. 

Despite their growing use, the design of referral incentives through quality improvements in referral-
upgrade programs has received less attention in academic literature. To the best of our knowledge, most of 
the existing literature has exclusively considered referral incentives in the form of monetary benefits (see 
e.g., Biyalogorsky et al., 2001; Libai et al., 2003; Kornish & Li, 2010; Jing & Xie, 2011; Xiao et al., 2011; 
Lobel et al., 2016). However, in the context of Dropbox, referrals bring customers increased storage 
space, and in the context of Spotify, customers with successful referrals can enjoy music time without 
being disturbed by built-in ads. In these contexts, referral benefits are not directly monetary; instead, they 
come in the form of higher product quality (more space or longer duration of ad-free privileges). 

In this paper, we conduct the first analytical study of referral programs with quality-based referral 
incentives. We set up a stylized model in which a monopoly firm (he) sells a product to customers with 
heterogeneous valuations. We consider two referral mechanisms: referral-reward and referral-upgrade. 
Under both programs, each customer (she), upon purchasing a product, is invited to refer a friend. Making a 
referral incurs a cost, and to motivate referrals, the firm promises certain benefits provided that the referral 
is successful and generates a new purchase. Under referral-reward, the firm sells a full-version product to 
each customer, and each referring customer receives a monetary reward conditioned on 1) the customer 
makes a referral, and 2) the referral is successful. Alternatively, under referral-upgrade, the firm sells a 
basic version of the product to each customer, and each purchasing customer can receive a free upgrade to a 
full version product if her referral leads to a new purchase of the product. 

In this paper, we focus on understanding two fundamental questions: 

• Under what conditions are referral-upgrade programs more (or less) profitable than traditional 
referral-reward programs? 

• How do key factors such as referral costs and referral reachability, captured by multiple referrals 
and the degree of overlaps among referred friends, affect customer behaviors and the firm’s 
optimal design of referral incentives? 

We consider a market composed of two types of customers: base customers who are aware of the product 
by the time the referral program is launched, and referred customers who are not aware of the product until 
they are referred by their friends. Our analysis begins with a benchmark setting where only base customers 
can make referrals, each referring at most one friend. This setup is representative of real-world scenarios 
where referral programs are implemented as short-term promotional campaigns with limited duration. We 
compare the profitability of two referral programs in this setting. We show that the referral-upgrade 
program can unambiguously outperform the traditional referral-reward program. We argue that referral-
upgrade induces heterogeneous referral incentives among base customers driven by their heterogeneous 

                                                        
1https://www.instagram.com/afsingapore_/p/C3Wi6imsj4b 
2https://www.sephora.sg/pages/sephora-star-referral?srsltid=AfmBOoq76fVn8hsO9iJ-
XwqBKcSuIa5sPQAQEhozQJvej2DVYyn15SVm 
3https://worldoftanks.eu/en/news/general-news/referral-program-season-12 
4https://worldofwarships.asia/en/content/recruiting_station 
5https://playcaliber.com/en/news/878/player-referral-program 



valuations. This, in conjunction with properly pulled price-and-quality levers, leads to enhanced efficiency 
in managing customer referrals. 

Beyond the benchmark model, we develop a series of extensions to examine the robustness of our main 
result and provide additional insights. First, we consider base customers with bounded rationality: they are 
myopic and do not anticipate future referral benefits when making their purchase decisions. Under this 
behavioral limitation, we show that referral-upgrade continues to outperform referral-reward, as the 
advantage of referral-upgrade stems not from customers’ forward-looking behavior but from its capability 
to leverage customer heterogeneity to create heterogeneous referral incentives. Second, we consider 
positive marginal costs, and this is particularly relevant for non-digital goods such as cosmetics (e.g., 
Sephora) and fitness services (e.g., Anytime Fitness). We find that as long as the marginal cost does not 
escalate too rapidly with quality, referral-upgrade remains more profitable. Put together, these extensions 
demonstrate that the comparative advantage of referral-upgrade is robust to bounded rational behavioral 
and marginal cost-related variations commonly encountered in real-world markets. 

Two additional extensions, however, reveal the boundaries of the referral-upgrade mechanism. Both point 
to a structural limitation of this mechanism. First, when referral costs are heterogeneous and positively 
correlated with customer valuations, as may often occur as higher-valuation customers often face greater 
psychological or opportunity costs of making referrals, the referral-upgrade approach may fall short. 
Because the total product quality is bounded (i.e., the total upgrade size cannot exceed the full product 
quality), using upgrade-based benefits to stimulate referrals may fail to offer sufficiently strong incentives 
to high-valuation customers who also bear higher referral costs. In contrast, referral-reward provides 
monetary incentives with essentially no nominal cap; it is better equipped to match referral incentives with 
costs and can potentially outperform referral-upgrade. Second, when base customers are allowed to make 
multiple referrals, effectively expanding the breadth of the referral structure, the referral-upgrade program 
may again fall short as it suffers from an incentive-dilution effect. Specifically, the total available upgrade 
must be divided across multiple referrals, thereby diluting the strength of each individual incentive. In 
contrast, referral-reward compensates each successful referral with a separate monetary reward, and it is 
immune to this dilution. 

2. Literature Review 
Our paper contributes to the burgeoning literature on customer referrals, which predominantly comprises 
empirical studies. For example, Hong et al. (2017) utilizes laboratory and field experiments to investigate 
the joint effect of social distance between referrers and referees and the distribution format of monetary 
incentives on the outcome of referral programs. Sun et al. (2021) conducts a large-scale online experiment 
to study how promotional incentives can effectively engage consumers as both purchasers and sharers 
through their social connections. Jung et al. (2020) examines different types of calls-to-action (CTAs) in 
online referral programs with the objective of understanding how prosocial framing can be used to facilitate 
referrals. Belo and Li (2022) uses data from an online dating platform to study the optimal design of social 
referral programs that balance growth, engagement, and revenue. Fernández-Lorı ́a, et al. (2023) analyzes 
how a referring customer’s behavior on a ride-sharing platform evolves over the customer’s lifecycle. 

Analytical research on referral programs starts from Biyalogorsky, et al. (2001), which lays out the first 
framework of referral-reward programs. Later, Libai et al. (2003) incorporates richer informational 
structures and examines the benefit of personalized referral incentives. Kornish and Li (2010) considers the 
case of unknown product quality and suggests that referrals can be used to signal quality to referred 
customers. Jing and Xie (2011) compares the referral-reward program with group-buying and shows that 
the former can be more efficient in creating discrimination based on customers’ referral outcomes. Xiao et 
al. (2011) suggests decoupling the referral reward between referrers and referees, and Lobel et al. (2016) 
analyzes nonlinear referral rewards (total rewards not necessarily proportional to the number of successful 
referrals). Notably, referral incentives in this literature are primarily made in the form of monetary rewards. 
In this paper, we propose referral incentives in the quality dimension; our differentiation from this 
literature, thus, is clear. 

Yang and Debo (2019) studies referral mechanisms similar to ours. The authors examine referral programs 
in a queueing setting wherein base customers who successfully refer their friends are offered priority 
admission to a service. Because customers prefer shorter waiting and value priority admission, referrals can 



lead to a non-monetary improvement in service acquisition in this queuing context. However, Yang and 
Debo (2019) assumes priority can only be obtained through referrals and cannot be purchased directly, 
whereas customers in our model can purchase incremental upgrades even if their referrals are unsuccessful. 
We show that this distinction is important, making the referral-upgrade program broadly more profitable 
than the traditional referral-reward approach. In Table 1, we highlight other model differences between our 
work, Yang and Debo (2019), and key references in the referral literature.  

Table 1. Key Modeling Differences between Our Paper and Existing Referral Literature 

 Endogenous Price Endogenous Quality 
Differentiation 

Allowing Pay-to-
Upgrade 

Our Paper ✓ ✓ ✓ 
Yang and Debo (2019) ✓ ✗ ✗ 
Lobel et al. (2016) ✗ ✗ ✗ 
Biyalogorsky et al. (2001) ✓ ✗ ✗ 
Kornish and Li (2010) ✓ ✗ ✗ 

In our model, base customers and referred customers are heterogeneous in their awareness of the product; 
in this sense, our work is broadly related to the literature on customers’ limited attention, i.e., individuals 
cannot process all available information due to cognitive constraints (Simon, 1955; Iyengar & Lepper, 
2000). The concept of limited attention has significant implications in economics and business and can 
profoundly influence customer behaviors and firms’ marketing strategies (Tucker, 2014). Despite a broad 
connection to this literature, our work also differs from it as we do not model customers’ endogenous 
information acquisition; instead, we assume that heterogeneous product awareness is an exogenous market 
feature. This facilitates a tractable and insightful analysis of our referral programs. 

Referral-upgrade programs create incentive discrimination differentiated by customer valuations; this 
connects our work to the extensive literature on vertical differentiation, and more broadly, product line 
design and versioning. Early works on product line design include the continuous-valuation model (Mussa 
& Rosen, 1978) and the discrete-valuation model (Moorthy, 1984). Villas-Boas (1998) and Shi et al. (2013) 
extend these models to examine product line design in distribution channels. Desai (2001) considers 
horizontal differentiation (customers’ taste preference) in addition to vertical differentiation and finds that 
firms may sell products with varied qualities to all customers on the market. Mendelson and Parlaktürk 
(2008) studies the customization strategies of competitive firms. Bhargava and Choudhary (2008) applies 
the continuous-valuation model in Mussa and Rosen (1978) to study the versioning strategies of digital 
goods. Lahiri and Dey (2018) examines when offering a base product alongside a fully featured version can 
be beneficial to the firm. The authors show that versioning can be effective when there exists a segment of 
customers already familiar with their true valuations of the products. Chellappa and Mehra (2018) analyzes 
how different costs (e.g., development costs, usage costs, and versioning costs) affect both the quantity and 
quality of versions, and Qu et al. (2022) investigates customers’ optimal upgrading strategies in the 
presence of successive product generations. 

3. The Model 
We consider a monopoly firm evaluating two referral mechanisms as part of its selling and customer 
acquisition strategy to maximize its expected profit. Under both programs, each customer (referred to as 
“she”), upon purchasing the firm’s product, is invited to refer a friend. Making a referral incurs a cost, and 
to incentivize this costly action, the firm (referred to as “he”) offers rewards, the format of which may vary 
depending on the firm’s chosen referral program, provided that the referral is successful, i.e., it leads to a 
new purchase from the referred friend. In practice, referral programs are often used to boost public 
awareness of a new product, thereby assisting the firm in reaching new customers who are initially unaware 
of it. To model the heterogeneity in product awareness, we follow Yang and Debo (2019) and assume that 
the market consists of two types of customers. Base customers, whose population is normalized to one, are 
aware of the product when the referral program is launched and strategize over their purchase decisions, 
taking into account the referral option following their purchase. Referred customers are not aware of the 
product until they are referred by base customers. Upon receiving a referral, referred customers observe 



their valuation of the product and decide whether to purchase it. In our base model, we assume that when 
base customers make referrals, they can make at most one referral6. 

We assume that each customer, regardless of whether she is a base customer or a referred customer, 
demands at most one unit of the product. Both base and referred customers are heterogeneous in their 
valuations, denoted by 𝑉, which follows a uniform distribution over [0,1]. A customer of type 𝑣 derives a 
utility of 𝑣𝜃 from consuming a product with quality 𝜃 ∈ [0,1]. Let 𝐹(𝑣) denote the cumulative distribution 
function (cdf) of customer types, and let 𝐹-(𝑣) ≜ 1 − 𝐹(𝑣) denote the complementary cdf. Following 
Lobel et al. (2016) and Yang and Debo (2019), we assume that each customer incurs a referral cost 𝑐 > 0 
whenever she makes a referral7, regardless of whether the referral succeeds or fails. Such a cost must be 
compensated by proper incentives to facilitate referrals. Finally, we assume zero marginal production costs 
in the base model8. This is representative of certain digital industries wherein additional units or qualities 
can be produced and distributed at negligible costs. 

Under the commonly used referral-reward program (Biyalogorsky et al., 2001; Kornish & Li, 2010; Lobel 
et al., 2016), each referring customer receives a monetary reward 𝑟 conditioned on that: 1) the customer 
makes a referral; 2) the referral is successful. No reward will be given out if a referral is made but fails to 
result in a new purchase. In our base model, because the product has zero marginal costs, the firm always 
sells a full-version product with the highest quality achievable to all customers, and we normalize this 
quality to one. 

In parallel to the referral-reward program, we propose a referral-upgrade mechanism, as exemplified by 
digital products such as Dropbox and Spotify. Under this new mechanism, the firm sells a basic version of 
the product (with quality 𝜃 < 1) to base customers. A purchasing base customer will receive a free upgrade 
to the full version product if she refers a friend and her referral leads to a new purchase of the product. 

We focus on analyzing referral programs where the referral benefit to a referring customer is private rather 
than social. For instance, a Spotify user may refer friends to obtain a premium subscription upgrade, 
primarily to enhance their own listening experience (e.g., ad-free streaming and offline playback) rather 
than to engage socially by sharing music. While incorporating network-based externalities could extend the 
scope of our model by capturing broader social benefits from referrals, we leave this to future research. 
Focusing on private referral benefits allows us to obtain clean insights into the fundamental trade-off 
inherent in each referral program. Table 2 summarizes the key notations in this paper.  

Table 2. Notation Summary 
Notation Description 
𝑣 Customer’s valuation type, uniformly distributed on [0, 1] 
𝐹(⋅) Cumulative distribution function (cdf) of 𝑣  
𝐹-(⋅) Complementary cdf of 𝑣, i.e., 1 − 𝐹(⋅) 
𝑐 Referral cost incurred by a base customer 
𝑟 Monetary reward under the referral-reward program 
𝜃 Quality of the basic product (0 ≤ 𝜃 ≤ 1) 
𝑝7 Price of the basic product 
𝑝8 Upgrade price (paid on top of 𝑝7 to obtain the full-version product) 
𝑈7(𝑣)	 Expected utility of a 𝑣-type base customer from purchasing the basic product 
𝑈;(𝑣) Expected utility of a 𝑣-type base customer from making a referral after purchasing the basic 

product 
𝑈<(𝑣) Expected utility of a 𝑣-type base customer from directly paying for the upgrade after 

purchasing the basic product 
𝑞>? Purchase probability of the basic product among referred customers 
𝑞>
@ Purchase probability of the full-version product among referred customers 
𝑞 Probability that a referred customer purchases the product 
𝑞7 Purchase probability of a base customer (demand from base customers) 
𝛼 Probability that a base customer chooses to make a referral 
𝛽 Probability that a base customer chooses to directly purchase the upgrade 

                                                        
6We relax this assumption in the Multiple Referrals section. Specifically, we assume that each base customer can make multiple 
referrals. 
7We relax this assumption and consider heterogeneous referral costs in the Heterogeneous Referral Costs section. 
8We relax this assumption and study positive marginal costs in the Marginal Costs section. 



𝛾 Probability that a base customer purchases the upgrade after an unsuccessful referral 

4. Analysis of Referral Programs 
We begin by analyzing our base model, where only base customers can make referrals. This applies to 
scenarios in which referral programs are implemented as promotional campaigns with a limited duration. 
Despite its simplicity, the base model provides key insights into how quality-based incentives can drive 
customer referrals and how they compare, in terms of profitability, to the widely adopted monetary reward 
programs. In later sections, we will show that these insights are largely robust to various realistic 
extensions. 

4.1. Referral-Reward Program 
We first analyze the referral-reward program, a widely adopted mechanism in practice. In this setting, the 
firm sells the full-quality product (with quality normalized to one) at a price 𝑝. Each base customer who 
makes a successful referral receives a monetary reward 𝑟. The payoff of a base customer of type 𝑣 from 
purchasing the product, taking into account the referral option, is 

 𝑈7(𝑣) = 𝑣 − 𝑝 + (𝑞𝑟 − 𝑐)F,  (1) 

where (⋅)F = max{⋅ ,0} and 𝑞 denotes the probability that the referral succeeds. Because referred customers 
do not make further referrals, they simply purchase the product if their valuation exceeds the price, i.e., 
with probability 𝑞 = 𝐹-(𝑝). 

In the above formulation, we assume that base customers are forward-looking and form rational 
expectations of their referral outcomes, following the common approach in the referral literature (Lobel et 
al., 2016; Yang & Debo, 2019)9. Figure 1 illustrates the sequence of outcomes for a 𝑣 −type base customer 
under the referral-reward program. In Equation (1), 𝑣 − 𝑝 represents the direct utility from purchasing the 
product, and (𝑞𝑟 − 𝑐)F represents the expected utility from making a referral. Specifically, if 𝑞𝑟 − 𝑐 > 0, 
making a referral yields a strictly positive expected utility, and all purchasing base customers will refer 
their friends. In contrast, if 𝑞𝑟 − 𝑐 < 0, no base customers will refer. When 𝑞𝑟 − 𝑐 = 0, we assume that all 
base customers will make referrals, thus selecting the firm’s most preferred equilibrium that maximizes his 
profit. 

 
Figure 1. Decision Tree of a Base Customer under the Referral-Reward Program 

Note that the expected utility from making referrals does not depend on a customer’s valuation 𝑣. 
Therefore, all purchasing base customers will make referrals or none of them will, irrespective of their type. 
Consequently, a base customer will purchase the product if 𝑈7(𝑣) ≥ 0, and the demand from base 
customers is 𝑞7 = 𝐹-(𝑝 − (𝑞𝑟 − 𝑐)F). 

The firm’s expected profit comprises profits from both base and referred customers. The firm optimally 
selects (𝑝, 𝑟) to maximize his expected total profit:  
                                                        
9In Boundedly Rational Customers section, we consider boundedly rational base customers who are myopic and evaluate their 
purchase decisions without considering gains from future referrals. 



max
M,;

	 Π(𝑝, 𝑟) = 𝑞7𝑝 + (𝑝 − 𝑟)𝑞7𝑞 ⋅ 𝟏{P;Q-}
s.t.		 𝑞7 = 𝐹-(𝑝 − (𝑞𝑟 − 𝑐)F), 	and 𝑞 = 𝐹-(𝑝).

 

Note that in the second term of Π(𝑝, 𝑟), the monetary reward is counted as the firm’s cost only when it 
compensates for a successful referral that results in a new purchase. The firm earns a profit margin of 𝑝 − 𝑟 
from such a successful referral. The probability of a successful referral is determined by two sequential 
events: (i) a purchasing base customer makes a referral (with probability 𝑞7) and (ii) the referred customer 
accepts the referral and purchases the product (with probability 𝑞). 

Proposition 1. Under the referral-reward program, suppose only base customers can refer. 

i. If 0 < 𝑐 ≤ 1/4, all base customers will make referrals upon purchasing. The firm’s optimal 
decisions and profit are 

𝑟∗ = 𝑐 + 1/4,	𝑝∗ = 1/2, 	Π(𝑝∗, 𝑟∗) = (5/4− 𝑐)X/4. 

ii. If 𝑐 > 1/4, no base customers will make referrals. The firm’s optimal decisions and profit are 

𝑟∗ ≤ 2𝑐,	𝑝∗ = 1/2, 	Π(𝑝∗, 𝑟∗) = 1/4. 

Intuitively, when the referral cost 𝑐 is high, compensating base customers with overly generous monetary 
incentives to motivate referrals is prohibitively expensive, and the firm chooses to abandon the referral 
program. In this case, any reward 𝑟 ≤ 2𝑐 will deter referrals, and the firm sells to base customers 
exclusively at the monopoly price. Thus, the referral program is only effective when the referral cost is 
sufficiently low. In this case, the firm sets the reward to ensure base customers receive strictly positive 
expected utility from referring. This implies 𝑞7 > 𝑞, i.e., thanks to the referral opportunity, base customers 
are more likely to purchase the product than their referred friends. The firm’s optimal referral reward 
increases with the referral cost, as a larger referral cost must be compensated by a stronger monetary 
incentive. As a result, the firm’s profit decreases with the referral cost. In the extreme case where referrals 
are costless (𝑐 = 0), the firm achieves a profit of 25/64 ≈ 0.391 under the referral-reward program, 
marking a significant profit improvement as opposed to the monopoly profit of 0.25 without any referrals. 
This points to the critical role of the referral program in customer acquisition, expanding market reach, and 
enhancing profitability. 

4.2. Referral-Upgrade Program 
We now introduce a new referral mechanism that provides incentives through the quality dimension—a 
mechanism we refer to as the referral-upgrade program. This mechanism bears a resemblance to the classic 
versioning strategy, but with a key distinction. Traditional versioning relies on customer heterogeneity by 
offering multiple versions of a product (differentiated by qualities and prices), allowing customers to self-
select based on their types. Despite its solid microeconomic foundation and intuitive appeal, the 
profitability of versioning is shown to depend heavily on the format of customer heterogeneity and the cost 
of versioning (Bhargava & Choudhary, 2008). In particular, when customers’ types are uniformly 
distributed and the marginal cost of producing each product is zero, Bhargava and Choudhary (2008) shows 
that versioning can do no better than selling a standalone full-version product. In other words, the classic 
versioning framework is unable to exploit the underlying customer heterogeneity to deliver profitable 
discrimination. Our model integrates versioning with referrals. Specifically, we assume that the firm sells a 
basic version of the product to base customers, who can obtain a free upgrade to the high-quality version if 
their referrals are successful. As we show shortly, our proposed mechanism, representing a combination of 
versioning and referrals, can generate significant material benefits. 

Formally, the firm sells a basic version of the product with quality 𝜃 ∈ [0,1] at a price 𝑝7. Customers who 
purchase the basic product are offered an optional upgrade to the full-version product, commensurate with 
the quality of 1 − 𝜃, at an additional price 𝑝8. A base customer can also receive this upgrade for free if she 
makes a successful referral. 

Before we conduct a formal analysis of this referral-upgrade mechanism, it is instructive to clarify how it 
differs from the traditional referral-reward approach in incentive design. In the upgrade program, successful 
referrals are compensated with a free quality improvement whose value depends on the referring 



customer’s type. In other words, the referral-upgrade program introduces heterogeneous referral incentives 
among base customers, and such heterogeneity, in conjunction with properly pulled pricing levers, has the 
potential to create better market segmentation. In contrast, the referral-reward program sets an identical 
compensation scheme for all successful referrals irrespective of the referring customer’s type, and it may 
fall short of exploiting the underlying customer heterogeneity. As we will show, this distinction is 
important, and it allows the referral-upgrade program to unlock new profit opportunities unavailable under 
traditional monetary reward schemes. 

We now formally analyze the referral-upgrade program. Figure 2 shows the sequence of outcomes for a 𝑣-
type base customer under this program. 

 
Figure 2. Decision Tree of a Base Customer under the Referral-Upgrade Program 

Consider a base customer with valuation 𝑣 who has purchased the basic product. She has three follow-up 
options: (i) pay directly to upgrade, (ii) attempt a referral, or (iii) neither refer nor upgrade. The customer 
evaluates these options through backward induction. Specifically, after she has purchased the basic product 
and obtained utility 𝜃𝑣 − 𝑝7, if she does not refer, her (additional) utility is 0; if she pays to upgrade 
immediately (without referring), her utility is 

                                                              𝑈<(𝑣) = 𝑣(1 − 𝜃) − 𝑝8;  (2) 

if she attempts a referral, the expected utility is 

                                                 𝑈;(𝑣) = 𝑞𝑣(1 − 𝜃) + (1 − 𝑞)max{0,𝑈<(𝑣)} − 𝑐,  (3) 

where 𝑞 is the probability that her referral is successful (i.e., the referred customer purchases a product, 
whether it is a basic product or a full-version product), which will be defined later. The formulation in 
Equation (3) captures an important nuance: even if a referral fails, the customer can return to obtaining an 
upgrade by paying 𝑝8, and will do so whenever it is beneficial. To explain Equation (3), note that if the 
referral is successful, the base customer receives a free upgrade, corresponding to an expected utility 
𝑞𝑣(1 − 𝜃); otherwise, the base customer contemplates whether to purchase the upgrade, with an expected 
utility (1 − 𝑞)max{0,𝑈<(𝑣)}. Consequently, the total expected payoff from purchasing the basic product is 

𝑈7(𝑣) = 𝜃𝑣 − 𝑝7 + max{0,𝑈<(𝑣),𝑈;(𝑣)}. 

This payoff is strictly increasing in 𝑣, so there exists a unique cutoff 𝑣^ (if any) such that 𝑈7(𝑣^) = 0. The 
demand from base customers is then 𝑞7 = 𝐹-(𝑣^). 

We next derive a referred customer’s purchasing probability 𝑞. The payoffs of a 𝑣-type referred customer 
from purchasing a basic product and a full-version product (the basic version plus the upgrade) are 
𝑈>?(𝑣) ≜ 𝜃𝑣 − 𝑝7 and 𝑈>

@(𝑣) ≜ 𝑣 − 𝑝7 − 𝑝8, respectively. Let 𝑈>(𝑣) ≜ max{𝑈>?(𝑣),𝑈>
@(𝑣)}. The referral 

is successful if 𝑈>(𝑣) ≥ 0. Thus, 

𝑞 = ℙ{𝑈>(𝑣) ≥ 0} = ℙ`𝑈>?(𝑣) ≥ max{0,𝑈>
@(𝑣)}a + ℙ`𝑈>

@(𝑣) ≥ max{0,𝑈>?(𝑣)}a ≜ 𝑞>? + 𝑞>
@. 



The firm’s expected total profit under the referral-upgrade program can be formulated as 

                  

max
b,Mc,Md

		 Π(𝑝7, 𝑝8, 𝜃) = 𝑞7𝑝7 + 𝑞7𝑝8[𝛽 + 𝛼(1 − 𝑞)𝛾] + 𝑞7𝛼e𝑝7𝑞>? + (𝑝7 + 𝑝8)𝑞>
@f

s.t.		 𝜃𝑣^ − 𝑝7 + max{0,𝑈<(𝑣^), 𝑈;(𝑣^)} = 0,
𝑞7 = 𝐹-(𝑣^),
𝑞 = 𝑞>? + 𝑞>

@,
𝛼 = ℙ{𝑈;(𝑉) ≥ max{𝑈<(𝑉), 0}|𝑉 ≥ 𝑣^},
𝛽 = ℙ{𝑈<(𝑉) ≥ max{𝑈;(𝑉), 0}|𝑉 ≥ 𝑣^},
𝛾 = ℙ{𝑈<(𝑉) ≥ 0|𝑈;(𝑉) ≥ max{𝑈<(𝑉), 0}, 𝑉 ≥ 𝑣^},

  (4) 

where 𝑈<(𝑣) and 𝑈;(𝑣) are defined in Equation (2) and Equation (3), respectively. 

In the formulation of (4), 𝛼 denotes the probability that a purchasing base customer will make a referral 
(attempting to get a free upgrade), 𝛽 represents the probability that a purchasing base customer directly 
pays to upgrade (without referring), and 𝛾 represents the conditional probability that a base customer who 
attempted a referral but failed and will pay to upgrade later. The following lemma reveals a structural 
property of 𝛼 and 𝛽 under the firm’s optimal pricing and quality decisions. 

Lemma 1. Under the referral-upgrade program, suppose only base customers can refer. It holds that 
either 𝛼 = 0 or 𝛽 = 0 under the firm’s optimal pricing and quality decisions. 

Lemma 1 suggests that it is never optimal to simultaneously induce some base customers to refer and others 
to pay to upgrade. Indeed, the firm contemplates two candidate approaches to jointly manage referrals and 
versioning: a referral-driven approach (𝛼 > 0) focusing on expanding market reach, and a direct-upgrade 
approach (𝛽 > 0) aiming to extract immediate profit from existing customers through upgrade purchases. 
These approaches are reflective of fundamentally different segmentation logics, and mixing them (i.e., 𝛼 >
0 and 𝛽 > 0) undermines the effectiveness of each. The firm thus prioritizes one approach at a time, 
ensuring that all base customers make a clear and consistent upgrade choice. 

Although directly solving Problem (4) is not analytically tractable, the following result demonstrates the 
superior performance of the referral-upgrade program to the referral-reward program, complemented by 
Figure 3 that provides a graphical illustration of how these two referral programs compare in profits. 

 
Figure 3. Profit Comparison between the Referral-Reward and Referral-Upgrade 
Programs 

Proposition 2. Under the referral-reward program, suppose only base customers can refer. The referral-
upgrade program always yields a weakly higher profit than the referral-reward program. In particular, the 
profit is strictly higher under the referral-upgrade program when 𝑐 < 1/4. 

In proving Proposition 2, we consider a linear pricing scheme under the referral-upgrade program, i.e., 
𝑝7 = 𝑝𝜃 and 𝑝8 = 𝑝(1 − 𝜃), where 𝑝 denotes the price of the full-version product, and show that it 



(weakly) outperforms the referral-reward program in terms of expected total profit. Specifically, we 
construct a feasible solution with 𝑝 = 1/2 and 𝜃 = √2− 4𝑐 − 1 for 𝑐 < 1/4, and show this always 
generates referrals and yields a strictly higher profit than the referral-reward program. 

To explain Proposition 2, especially on the profitability of fine-tuned quality incentives, recall that the 
referral-upgrade program induces heterogeneous referral incentives among base customers differentiated by 
their types. In general, customers who purchase the basic product have higher valuations for both the basic 
product and the optional upgrade. In this way, the purchase decision of the basic product serves as a 
screening mechanism to price out low-valuation customers, and this creates room for designing efficient 
referral incentives. Specifically, only high-valuation customers will survive this screening, and they 
become the firm’s favorable targets to generate referrals. Their high-valuation nature suggests that giving 
out a free upgrade equivalent to a portion of quality is sufficient to compensate for these customers’ referral 
costs and justify their referral actions. 

In addition, the referral-upgrade program benefits from the opportunity of selling the incremental upgrade 
to customers whose referral attempts have failed, but this also creates a direct pay-to-upgrade option that 
adversely affects base customers’ referral incentives. To stimulate referrals, the quality of upgrades must be 
adjusted upward so that the referral option has sufficient appeal and can dominate non-referral options. 
Hence, for a referral-upgrade program to be profitable, it must balance two opposing effects that arise 
simultaneously from an affordable pay-to-upgrade option. Nevertheless, by properly pulling the price-and-
quality levers, it is possible to achieve better profits under the referral-upgrade program. 

Our result resonates with some real-world observations. For certain digital products or services (e.g., 
Dropbox or Spotify), firms often link referral incentives to product upgrades rather than cash rewards, 
likely because customers with higher valuations, such as those with larger storage needs or heavier usage 
demands, can be more easily motivated by upgrade benefits. The referral-upgrade program naturally targets 
these high-valuation customers to generate referrals, enabling firms to selectively stimulate referrals 
without offering identical incentives to low-valuation users. Our analysis sheds light on why such non-
monetary referral mechanisms can be more profitable in practice. 

4.3. Comparative Statics of Referral-Upgrade Program 
To deepen our understanding of the referral-upgrade program, we next examine how the firm and 
customers adjust their decisions in response to different referral costs. On the demand side, customers’ 
responses are reflected in their purchasing probability and referral behavior. On the supply side, the firm’s 
responses are reflected in his price-and-quality design. 

For the firm, Figure 4-(a) to 4-(c) present his pricing and quality decisions (𝑝7∗ ,𝑝8∗ , 𝜃∗) as functions of the 
referral cost 𝑐. These results show that as 𝑐 increases from 0 to 0.2, the quality of the basic product 𝜃∗ 
decreases. This occurs because customers are forward-looking and factor the referral benefit into their 
purchase decisions. A higher referral cost will reduce the net benefit from referrals, and the firm has to 
increase the quality of the upgrade 1 − 𝜃∗ to attract referrals; accordingly, he lowers the quality of the basic 
product 𝜃∗. This leads to a higher price 𝑝8∗  charged for the incremental upgrade and a lower price 𝑝7∗  
charged for the basic product. Interestingly, 𝜃∗, 𝑝7∗ , and 𝑝8∗  exhibit non-monotonic patterns as 𝑐 grows 
above 0.2 before reaching 0.25 (note that base customers do not refer at all for 𝑐 > 0.25). 

 



 
Figure 4: Firm’s Pricing and Quality Decisions and Customer Behavior under the 
Referral-Upgrade Program 

The firm’s optimal strategy shifts as the referral cost 𝑐 falls in this regime. When the referral cost is slightly 
above 0.2, as fewer customers attempt to refer, the firm chooses to partially reverse his earlier strategy. 
Indeed, only high-valuation customers will attempt to refer due to the high referral cost (a selection effect), 
and they are willing to upgrade even if their referral attempts have failed. Anticipating this, the firm focuses 
on extracting value from the basic product—he slightly raises the basic quality 𝜃∗, thus tempering the 
incremental price 𝑝8∗  relative to the monotonic trend. This adjustment, however, disappears as the referral 
cost further grows; this leads to the observed uptick in 𝜃∗ and 𝑝7∗  for 𝑐 in the 0.20–0.25 range. In other 
words, as referral participation dwindles at very high 𝑐, the optimal design transitions towards a no-referral 
regime, and in this process, it generates a brief reversal in the firm’s quality and pricing choices.  

For customers, Figure 4-(d) to 4-(f) plot their purchase and referral behavior under different referral costs 𝑐. 
We numerically find that referrals only occur when the referral cost is low (i.e., 𝑐 < 1/4). In this case, the 
firm incentivizes all base customers who purchase the product to make a referral rather than to directly pay 
to upgrade (i.e., 𝛼 = 1,𝛽 = 0). Referred customers, on the other hand, consistently opt to purchase the full 
version product (i.e., 𝑞>? = 0). As the referral cost increases, the demand from base customers, 𝑞7, 
inevitably declines. However, the probability that base customers choose to upgrade after unsuccessful 
referrals, 𝛾, increases with the referral cost. This is due to a selection effect aforementioned: higher referral 
costs deter low-valuation customers from making referrals. Only high-value customers make referrals, and 
their inherent high valuations suggest a higher chance of upgrading even if their referral attempts have 
failed. We also find that 𝑞>

@, the probability that referred customers choose to purchase the full-version 
product, increases with the referral cost. 

5. Extensions 
To comprehensively examine the robustness of our main result on the profitability of upgrade-based 
incentives, we consider four model extensions, each relaxing one assumption of the base model while 
fixing the others. Some confirm our main result, whereas others generate new insights that complement our 
main result. In Boundedly Rational Customers section, Marginal Costs section, and Heterogeneous Referral 
Costs section, we maintain the assumption that each base customer can refer only once, but relax other 
assumptions concerning customer rationality, marginal costs, and referral costs. In Multiple Referrals 
section, we expand the referral structure’s breadth by allowing each base customer to refer multiple friends 
with possible overlapping friends. These extensions enable us to assess the robustness of our main result 
across a variety of realistic settings. 



5.1. Boundedly Rational Customers 
In the base model, we assume that base customers are fully rational, i.e., they are forward-looking and form 
rational expectations of their referral outcomes (Lobel et al., 2016; Yang & Debo, 2019). This assumption 
allows base customers to potentially purchase a product even if the immediate payoff from purchasing this 
product is negative, as it can be outweighed by future referral benefits. In this extension, we relax this 
assumption and consider base customers who are boundedly rational. Specifically, customers are myopic, 
i.e., they purchase a product if and only if their standalone valuations of the product meet or exceed the 
price, without factoring in potential gains from future referrals. In other words, referral decisions are only 
made post-purchase. With myopic customers, under the referral-reward program, the demand from base 
customers is revised to: 𝑞7 = ℙ{𝑉 ≥ 𝑝} = 𝐹-(𝑝) (recall this demand is 𝑞7 = 𝐹-(𝑝 − (𝑞𝑟 − 𝑐)F) in the 
base model). Under the referral-upgrade program, the demand from base customers is revised to10: 𝑞7 =
ℙ{𝜃𝑉 ≥ 𝑝7} = 𝐹-(𝑝7/𝜃) (recall that this demand is 𝑞7 = 𝐹-(𝑣^) in the base model, where 𝑣^ solves 
𝜃𝑣^ − 𝑝7 +max{0,𝑈<(𝑣^), 𝑈;(𝑣^)} = 0). 

Proposition 3. When base customers are boundedly rational in anticipating their referral decisions, the 
referral-upgrade program yields a weakly higher profit than the referral-reward program. 

Proposition 3 shows that the profitability of the referral-upgrade program does not hinge on customers’ 
forward-looking purchase and referral behaviors. Instead, it arises from this program’s capacity to induce 
heterogeneous referral incentives. By rewarding successful referrals with a quality-based upgrade whose 
value depends on the referring customer’s type, the referral-upgrade program can target high-valuation 
customers exclusively to generate referrals. This targeting remains viable even when base customers are 
myopic. In contrast, the referral-reward program offers a fixed monetary incentive, independent of 
customer valuations, thus failing to exploit the underlying customer heterogeneity. Because customers’ 
referrals occur after their purchase under both programs, the relative advantage of the upgrade program will 
persist. 

This extension has clear practical relevance. In many markets, especially those of low-cost digital goods, 
customers often purchase impulsively, without factoring in future benefits that arise from referrals or 
upgrades. Our finding that referral-upgrade programs remain more profitable under such bounded 
rationality of customers suggests that firms in these markets can still rely on quality-based incentives to 
design referral programs, without requiring their customers to be fully forward-looking. This also suggests 
that firms need not invest heavily to educate their customers upfront about future referral benefits. 

5.2. Marginal Costs 
In the base model, we assume the firm has a negligible marginal cost of offering each product, regardless of 
its quality—a common feature of many digital products or services such as Spotify (removing built-in ads 
to enhance quality). In other contexts, such as CloudMe11, Hivenet12, and Dropbox, offering a product or 
service, however, may involve positive marginal costs (e.g., offering additional online storage can generate 
non-negligible costs). Motivated by such contexts, we extend our base model to incorporate marginal costs. 
For simplicity, we assume a linear cost structure, that is, the marginal cost of offering a product with 
quality 𝜃 is 𝑘𝜃 for some 𝑘 ≥ 0. This assumption also aligns in spirit with cloud storage platforms, where 
service quality generally scales with storage consumption. We aim to understand how marginal costs will 
affect the profit comparison between the two referral programs. 

Under the referral-reward program, due to the marginal costs, the firm optimally chooses the product 
quality (i.e., the quality 𝜃 is a decision variable). We present the firm’s optimal price-and-quality decisions 
in Proposition B.1 in Appendix B. 

Under linear marginal costs, we find that the firm continues to sell the full-version product (i.e., 𝜃∗ = 1) to 
all customers under the referral-reward program. In this setting, increasing the quality leads to a 
proportional increase in both customers’ willingness-to-pay for a product and its production cost. Because 
customers’ willingness-to-pay scales linearly with quality, the firm can adjust prices accordingly to offset 
                                                        
10Following Lahiri and Dey (2018), we assume that myopic customers only consider purchasing the basic product in their first-stage 
decision. 
11https://www.cloudme.com/en/getmorespace 
12https://www.hivenet.com/hivenet-referral-program 



the extra cost from increased quality while maintaining sufficient profitability. This ensures that there is no 
diminishing return from increased product quality; the firm thus optimally sets the highest quality level. 

The firm’s optimal strategy under the referral-upgrade program is analytically intractable; we solve it 
numerically. We find that the referral-upgrade program continues to outperform the referral-reward 
program in profits. Figure 5 presents the relative profit difference between these two referral programs 
under different marginal costs 𝑘. The numerical results show that when the referral cost is low, a higher 
marginal cost can lead to a significant profit advantage from the referral-upgrade program. With a high 
marginal cost, the referral-upgrade program lowers the quality of the basic product; this enhances the 
quality differentiation between the two versions of products and partially mitigates the adverse effect of 
higher marginal costs. However, when the referral cost is high, a higher marginal cost can result in a lower 
relative profit gain. In this case, referrals occur less often, weakening the profitability of both referral 
programs. The advantage of the upgrade program attenuates more, particularly when marginal costs are 
high, because upgrade-based differentiation becomes prohibitively costly. 

 
Figure 5. Profit Comparison Between Referral-Reward and Referral-Upgrade Programs 
under Linear Marginal Costs: Relative Difference (%), Referral-Upgrade to Referral-
Reward  

This extension highlights the practical significance of marginal costs in designing referral programs. For 
digital products such as mobile apps and streaming services, incremental quality improvements (e.g., 
removing ads, unlocking premium features) are almost costless, making referral-upgrade programs 
particularly attractive. However, for products where higher quality entails real costs, the firm should 
consider balancing upgrade generosity against costs. Our results help managers tailor referral incentives to 
their product’s cost nature, necessitating or avoiding generous upgrades in environments featured by 
different cost structures. 

5.3. Heterogeneous Referral Costs 
In the base model, we assume a homogeneous referral cost across base customers. In practice, people with 
higher income (i.e., those with higher valuations) are likely to feel relatively higher psychological costs 
from making referrals, i.e., there can be a positive correlation between customers’ valuations and their 
referral costs. To capture this correlation, in this extension, we consider a 𝑣-type base customer’s referral 
cost in the form of 𝑐(𝑣) = 𝜂𝑣 + 𝑐^, where 𝜂 ∈ [0,1] captures the degree of heterogeneity in base 
customers’ mental or psychological costs of making referrals and 𝑐^ > 0 represents a fixed cost driven by 
the intrinsic nature of the referral program (e.g., the convenience of making a referral and receiving referral 
rewards). Note that when 𝜂 = 0, this model reduces to the base model with homogeneous referral costs. 

We numerically solve for the firm’s optimal decisions under both the referral-reward and referral-upgrade 
programs. Figure 6 shows the profit comparison between these two programs under varying degrees of 
heterogeneity 𝜂 and fixed referral costs 𝑐^. The results show that when heterogeneity in referral costs is 



limited (i.e., small 𝜂), the referral-upgrade program consistently outperforms the referral-reward program 
across all levels of 𝑐^, echoing the key result from the base model. 

 
Figure 6: Profit Comparison between the Referral-Reward and Referral-Upgrade 
Programs under Heterogeneous Referral Costs 

As a departure from the base model, we find that the advantage of the referral-upgrade program diminishes 
as the degree of heterogeneity 𝜂 increases. Specifically, under large 𝜂, referral-upgrade remains superior 
when 𝑐^ is low, but it can fall short when 𝑐^ is high. Recall from the base model that referral-upgrade 
unambiguously dominates referral-reward as the former can efficiently exploit customer heterogeneity in 
valuations to design quality-based incentives. The referral-reward program, however, provides an identical 
monetary incentive independent of customer valuation, thus not fully capturing the inherent valuation 
heterogeneity. However, when the referral cost is correlated with the customer valuation, the referral-
reward program is able to utilize the heterogeneity in customer valuation (through the referral cost). 

When both the degree of heterogeneity 𝜂 and the fixed referral cost 𝑐^ are large, the referral costs rise 
substantially, especially for high-valuation customers. Under these circumstances, the referral-upgrade 
program encounters structural limitations, as its incentive scheme is capped by product design constraints 
(i.e., the total product quality is bounded, 𝜃 ≤ 1). This may fail to offer sufficiently strong incentives to 
high-valuation customers who also bear higher referral costs under the referral-upgrade program. Whereas, 
the referral-reward program gains a relative advantage due to its flexibility in monetary incentives (all 𝑟 ≥
0 are feasible). Thus, referral incentives can be better designed to match referral costs. Figure 6-(c) and 6-
(d) further indicate that, when 𝜂 is high, the referral-reward program can maintain referrals under a wider 
range of 𝑐^. 

These findings suggest that while the referral-upgrade program can be effective when referral costs exhibit 
small variations across customers, its advantage may diminish when referral costs are sufficiently 
heterogeneous and highly correlated with customer valuations. In this latter case, the firm may find 
monetary-based referral incentives more robust and resilient; they can be tailored to offset the growing 
referral burden faced by high-valuation customers. 

This extension underscores an important practical nuance: in some markets, customers who value upgrades 
the most may also face the highest barriers to referring others. Examples include enterprise software clients 
restricted by procurement rules or luxury brand customers who are reluctant to share exclusive experiences. 
Our analysis suggests that in such settings, the profit advantage of referral-upgrade programs may erode, 
and monetary rewards could be more effective. Indeed, managers should diagnose referral frictions across 
customer segments: if high-valuation users are unlikely to refer, a hybrid or monetary scheme may better 
capture referrals from this group. This insight helps firms avoid over-relying on upgrade incentives in 
markets where key segments are less likely to participate in referrals. 



5.4. Multiple Referrals 
Our base model assumes that each base customer can make at most one referral. In this extension, we relax 
this assumption by allowing each base customer to make up to 𝐷 referrals, where 𝐷 can be interpreted as 
the number of a base customer’s friends available for referrals. This effectively expands the breadth of the 
referral structure in the base model. We continue to assume that only base customers can make referrals 
and that each referral attempt incurs a separate cost 𝑐. A new factor considered in this setting is that base 
customers’ social circles may overlap, leading to redundant referrals. To capture this redundancy, we 
follow Kornish and Li (2010) and let the parameter 𝛿 ∈ (0,1] represent the probability that a referral 
reaches a friend who has not already been referred (i.e., degree of non-overlapping). A larger value of 𝛿 
reflects broader, less overlapping social networks, whereas a smaller 𝛿 indicates greater redundancy among 
potential referrals. Naturally, this setting subsumes the base model as a special case with 𝐷 = 1 and 𝛿 = 1. 

5.4.1 Referral-Reward Program. Under the referral-reward program, the firm sells a full-
version product (with quality 1) to all customers and provides each base customer with a fixed monetary 
reward 𝒓 for every successful referral13. For a purchasing base customer, the utility of making each referral 
is 𝜹𝒒𝒓 − 𝒄, as 𝜹 denotes the probability that the referral will find a friend unaware of the product, and 𝒒 =
𝑭𝒄(𝒑) represents the probability that the friend will buy the product. Because this utility is independent of 
the customer’s type and the number of referrals the customer has made, each base customer will make 𝑫 
referrals, if any. Thus, a base customer’s payoff from purchasing the full-version product is 𝑼𝑩(𝒗) = 𝒗 −
𝒑 + 𝑫(𝜹𝒒𝒓 − 𝒄)F. Those with 𝑼𝑩(𝒗) ≥ 𝟎 will purchase. The firm solves 

max
M,;

	 Π(𝑝, 𝑟) = 𝑞7𝑝 + (𝑝 − 𝑟)𝑞7𝐷𝛿𝑞 ⋅ 𝟏{xP;Q-}
s.t.		 𝑞7 = 𝐹-(𝑝 − 𝐷(𝛿𝑞𝑟 − 𝑐)F), 	and 𝑞 = 𝐹-(𝑝).

 

5.4.2 Referral-Upgrade Program. Under the referral-upgrade program, the firm sells a basic 
product with quality 𝜽𝑩 at price 𝒑𝑩 to base customers and invites each purchasing customer to make up to 
𝑫 referrals. Let 𝜽 ≜ (𝜽𝟏, 𝜽𝟐, . . . , 𝜽𝑫) and 𝒑 ≜ (𝒑𝟏, 𝒑𝟐, . . . , 𝒑𝑫) denote the quality of the increments and 
their prices associated with the first to the last 𝑫𝒕𝒉 successful referrals. Base customers can upgrade to a 
full-version product for free only if all their 𝑫 referrals have succeeded. Alternatively, base customers who 
have purchased the basic product may selectively purchase incremental upgrades at a price 𝒑𝒊 for 𝟏 ≤ 𝒊 ≤
𝑫, and this decision can occur either before or after her referral attempts. 
In principle, the optimal referral-upgrade program would require jointly optimizing over qualities and 
prices of each incremental upgrade (that are not necessarily proportional to each other). This would 
significantly increase the model’s complexity. To gain tractable and actionable insights, we choose to 
analyze a special pricing scheme and study its performance numerically. Under this scheme, the firm sets 
the basic product at a quality 𝜃 and price 𝑝7. All incremental upgrades have equal size in price and quality: 
each of them has quality (1 − 𝜃)/𝐷 and is priced at 𝑝8/𝐷. Under this scheme, a 𝑣-type base customer’s 
expected utility of making one referral is 𝛿𝑞(1 − 𝜃)𝑣/𝐷 − 𝑐 + (1 − 𝛿𝑞)[(1 − 𝜃)𝑣 − 𝑝8]F/𝐷, where 𝑞 
denotes the probability that the referred friend will make a purchase. The utility of directly paying for an 
incremental upgrade is [(1 − 𝜃)𝑣 − 𝑝8]/𝐷. Because both utilities depend on the customer’s type 𝑣 
irrespective of the number of referral attempts she has made, each base customer will make 𝐷 referral 
attempts provided that she is willing to make the first referral. We remark that key insights obtained under 
this simple pricing scheme can carry over to more general pricing schemes, as will be explained shortly. 

We compare the firm’s profits under two referral programs as we vary 𝑐 ∈ {0.03,0.05} and report their 
relative difference in Table 3. Interestingly, we observe a non-negligible portion of parameter space in 
which either referral strategy can dominate the other under both referral costs14. We observe that the 
referral-upgrade program generally outperforms referral-reward when the number of referrals 𝐷 is low, the 
referral cost 𝑐 is small, and the non-overlapping degree 𝛿 is high. The referral-reward program may 
outperform otherwise. Moreover, the relative profit difference between these two referral programs is non-
monotone in 𝐷, and gains from referral-upgrade are most salient under intermediate values of 𝐷. This 
                                                        
13We assume that this monetary reward is fixed irrespective of how many successful referrals a base customer has made, as consistent 
with the convention in the referral literature (Kornish & Li, 2010; Yang & Debo, 2019). 
14The relative difference of 0% under 𝑐 = 0.05 corresponds to the case in which neither referral program generates referrals so that the 
firm achieves the usual monopoly profit under both programs. 



suggests that firms may consider capping the number of referrals allowable to each referring customer 
when offering upgrade-based referral incentives. Indeed, consistent with such a prescription, the music 
streaming platform Spotify originally did not set any limit on the number of its users’ referrals, but later 
changed its policy and restricted this number to five15. 

Table 3. Profit Comparison between the Referral-Reward and Referral-Upgrade 
Programs under Multiple Referrals  

𝒄 = 𝟎.𝟎𝟑 
𝜹/	𝑫 1 2 3 4 5 6 7 8 
1 +3.85 +15.17 +19.68 +21.13 +22.10 +22.86 +22.39 +20.83 
0.8 +3.22 +12.83 +16.13 +17.59 +18.62 +18.69 +17.11 +14.36 
0.6 +2.44 +9.66 +11.86 +13.09 +13.77 +12.10 +8.65 +3.87 
0.4 +1.46 +5.22 +6.60 +7.38 +5.20 +0.20 −7.23 −19.31 
0.2 +0.30 +0.77 +0.59 −7.90 −17.12 −19.92 −22.55 −25.02 

𝒄 = 𝟎.𝟎𝟓 
𝜹/	𝑫 1 2 3 4 5 6 7 8 
1 +3.30 +12.15 +14.17 +15.13 +15.51 +13.27 +9.10 +3.60 
0.8 +2.63 +9.30 +10.87 +11.88 +10.62 +6.30 −0.13 −8.10 
0.6 +1.80 +5.81 +6.98 +7.05 +2.71 −5.15 −18.00 −36.08 
0.4 +0.81 +2.23 +2.72 −1.63 −17.57 −38.96 −42.77 −46.14 
0.2   0.00   0.00   0.00   0.00   0.00   0.00   0.00   0.00 

Note: relative difference (%) from referral-upgrade to referral-reward 

Although the above results are established under the assumption that each incremental upgrade has an equal 
size in quality and price, we believe that the insight that the referral-reward program may outperform the 
referral-upgrade program in the multi-referral case can extend to other more sophisticated pricing schemes. 
The reasoning is that under referral-upgrade, each referral attempt must be compensated by sufficient 
upgrade incentives. This is especially the case when 𝑐 is large and 𝛿 is small, both making referrals costly 
to maintain. When the referral cap 𝐷 is large, the total available upgrade (with quality 1 − 𝜃) must be 
divided across multiple referrals, thereby diluting the strength of each individual incentive. In contrast, 
referral-reward compensates for each successful referral with a separate monetary reward and thus remains 
immune to this dilution. 

Our results in this section shed light on the discrepancy in referral programs observed in real-world 
contexts. For digital goods such as software and cloud services (e.g., Spotify and Dropbox), the referral 
cost is relatively low because referral requests can be conveniently made in seconds using emails or text 
messages that include all self-contained information. Under low referral costs, firms tend to use the 
referral-upgrade program, which is particularly useful at the product launch stage when the product is less 
known by the public and there are small overlaps in base customers’ friends (i.e., high 𝛿). In contrast, the 
credit card business is relatively saturated, and base customers are less likely to find friends who are not 
familiar with such a business. Moreover, unlike digital products for which both referral requests and 
compensations can be made instantly, the referral procedure of credit cards is generally more time-
consuming and relies on interpersonal word-of-mouth communication for information dissemination (i.e., 
high 𝑐). In this case, referral-reward may emerge as a better strategy if customers are allowed to refer 
multiple friends. 

This extension has practical relevance. Multi-referral strategies are typically adopted by companies aiming 
for rapid customer acquisition, especially in early-stage markets or for products where customer networks 
do not significantly overlap. Single-referral (or better interpreted as “highly limited referrals”) strategies are 
commonly observed in mature or saturated markets where extensive customer-network overlap diminishes 
returns from additional referrals. In general, they represent different real-world promotional strategies 
depending on a firm’s growth stage, customer-network characteristics, and market saturation. 

Our result supports this intuition: in environments where customer networks are largely distinct and non-
overlapping, allowing multiple referrals can significantly boost profitability by efficiently expanding 
customer reach. However, in high-overlap markets, where friend circles are tightly interconnected or the 
audience is largely saturated, excessive referrals dilute incentive power and lead to sharply diminishing 
                                                        
15See “Spotify: Why They Changed Their Referral Program” (https://www.osiaffiliate.com/marketing/spotify-referral-program). As 
Spotify starts to gain market dominance, it has shifted its promotion strategy and discontinued its referral program. 



incremental returns. This insight informs important managerial tradeoffs: firms targeting untapped or 
emerging networks should embrace generous multiple-referral schemes, while those in mature or overlap-
heavy sectors should carefully consider limited referrals to maintain effectiveness. 

In practice, referral limits can help mitigate diminishing returns, as observed with Spotify16 and Dropbox17. 
Indeed, managers should closely monitor the incremental performance of referrals: if the value derived 
from each additional referral begins to decline significantly, it indicates a need to tighten referral caps. 
Carefully diagnosing the degree of network overlap and referral saturation before program launch can 
ensure that referral designs align effectively with both growth objectives and cost efficiency. 

To further deepen our understanding of the multi-referral strategy proposed in this section, we analyze its 
comparative statics under the referral-upgrade program, and we relegate the full details to Appendix C for 
brevity. 

6. Conclusion 
This paper developed a theoretical framework to compare two commonly used referral programs in 
practice: the traditional referral-reward program, which offers monetary compensation for successful 
referrals, and the increasingly popular referral-upgrade program, which incentivizes referrals through non-
monetary upgrade rewards. Our analysis revealed that the referral-upgrade program can outperform the 
referral-reward program by leveraging customer heterogeneity for better design of referral incentives. 
Specifically, when customers are heterogeneous in their valuations, upgrade-based incentives induce 
incentive discrimination, naturally encouraging high-valuation customers—who value upgrades more—to 
make referrals, enabling better market segmentation. 

We extended our base model to incorporate several practically relevant factors, including bounded 
rationality, positive marginal costs, heterogeneous referral costs, and multiple referrals. Our results 
indicated that the superiority of referral-upgrade programs is robust to these behavioral, structural, and 
cost-related variations in real-world markets. We also identify boundary conditions under which referral-
upgrade programs can actually fall short. Specifically, when referral costs are highly correlated with 
customer valuations, or when the firm invites each customer to make too many referrals, referral-upgrade 
programs must be exercised with caution due to their inherent limitations. 

Overall, this paper provides a new perspective on the incentive design in referral programs, highlighting 
how firms should adapt referral incentives to environments characterized by customer heterogeneity and 
different levels of referral reachability. 

6.1. Managerial Implications 
Our findings translate into several managerial implications. First, firms with highly heterogeneous 
customer bases, particularly those offering digital products with low marginal costs, can benefit 
significantly from implementing referral-upgrade programs. This is because upgrade incentives naturally 
encourage self-selection—customers who value the product’s premium features more highly are especially 
motivated to refer friends in exchange for an upgrade. This built-in incentive discrimination means that 
firms with a tiered product (or freemium model) can leverage referral-upgrade programs to tap their most 
enthusiastic, high-value customers as “evangelists”, achieving more efficient market segmentation without 
incurring the higher direct monetary costs associated with referral-reward programs. However, our findings 
also suggest caution: managers should carefully monitor situations where referral costs strongly correlate 
with customer valuations (e.g., high-valuation customers face high costs to refer), as the advantage of 
upgrade incentives can erode. In such cases, firms might need to supplement upgrade incentives with other 
encouragement or consider monetary incentives for harder-to-reach customer segments. Additionally, firms 
should avoid overly broad referral schemes that encourage excessive referrals from individual customers—
the incremental referrals may overlap or dilute the incentive effect, a phenomenon of “incentive dilution” 
where additional referral opportunities yield diminishing returns. Managers should thus consider capping 
the number of referrals per customer. 

                                                        
16https://www.osiaffiliate.com/marketing/spotify-referral-program 
17https://help.dropbox.com/accounts-billing/space-storage/how-much-free-space 



6.2. Future Research Directions 
Our study opens several avenues for future research. First, our model focused on settings where customers’ 
benefits from referrals are private—their payoffs only depend on their own consumption. However, in 
many markets, especially those involving digital services and platforms, customer utilities may also depend 
on the total number of adopters—a phenomenon commonly known as network effects. Integrating this 
effect with the incentive design in referral programs presents a promising direction for future research. 

Second, this paper focused on referral programs where each successful referral generates a deterministic 
reward (either monetary or upgrade-based). In practice, some platforms adopt more complex, goal-oriented 
referral schemes, such as group-buying type of programs. In these programs, customers are compensated 
only when they have accumulated multiple successful referrals to reach a specific target, often under 
uncertain or dynamic contribution rules. Exploring how such cumulative and probabilistic referral 
mechanisms will affect customer incentives and the firm’s profit will be an interesting direction for future 
research. 

Finally, extending our monopoly model to competitive settings, where multiple firms simultaneously 
deploy referral programs, may yield new insights. The role of referral-upgrade programs as a differentiation 
strategy against competitors’ referral-reward programs, or vice versa, may have surprising effects moot in a 
monopoly analysis. Capturing such effects in a competitive model constitutes another important and 
practically relevant direction for future study. 
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Appendix A: Proof of Main Results  
Proof of Proposition 1 

See proof of Proposition B.1 for the general case. ∎ 

Proof of Lemma 1 

Note that 

𝑈<(𝑣) = 𝑣(1 − 𝜃) − 𝑝8 ≥ 0	 ⇔ 	𝑣 ≥
𝑝8
1 − 𝜃

𝑈;(𝑣) = 𝑞𝑣(1 − 𝜃) + (1 − 𝑞)[𝑣(1 − 𝜃) − 𝑝8]F − 𝑐 ≥ 0	 ⇔	�
𝑣 ≥

𝑐
𝑞(1 − 𝜃) , if 𝑣 <

𝑝8
1 − 𝜃 ,

𝑣 ≥
𝑐 + 𝑝8(1 − 𝑞)

1 − 𝜃 , if 𝑣 ≥
𝑝8
1 − 𝜃 .

𝑈<(𝑣) ≤ 𝑈;(𝑣) 	⇔	�
𝑣 ≤

𝑝8 − 𝑐
(1 − 𝜃)(1 − 𝑞) , if 𝑣 <

𝑝8
1 − 𝜃 ,

𝑞𝑝8 ≥ 𝑐, if 𝑣 ≥
𝑝8
1 − 𝜃 .

 

Hence, 

𝑈7(𝑣) = 𝜃𝑣 − 𝑝7 + max{0,𝑈<(𝑣),𝑈;(𝑣)}

=

⎩
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎧
�
𝜃𝑣 − 𝑝7, if 𝑣 <

𝑝8
1 − 𝜃 ,

𝑣 − 𝑝8 − 𝑝7, if 𝑣 ≥
𝑝8
1 − 𝜃 ,

if 𝑝8 <
𝑐
𝑞 ,

⎩
⎪
⎨

⎪
⎧𝜃𝑣 − 𝑝7,	 if 𝑣 ≤

𝑐
𝑞(1 − 𝜃) ,

𝑞𝑣(1 − 𝜃) + 𝜃𝑣 − 𝑝7 − 𝑐,	 if 
𝑐

𝑞(1 − 𝜃) ≤ 𝑣 <
𝑝8
1 − 𝜃 ,

𝑣 − 𝑝7 − 𝑐 − 𝑝8(1 − 𝑞),	 if 𝑣 ≥
𝑝8
1 − 𝜃 .

if 𝑝8 ≥
𝑐
𝑞 .

 

When 𝑝8 ≥ 𝑐/𝑞, we have 𝑈;(𝑣) ≥ 𝑈<(𝑣) for all 𝑣 ≥ -
P(��b)

. Thus, 𝛽 = 0. When 𝑝8 < 𝑐/𝑞, it is clear that 
𝛼 = 0. Therefore, we must have either 𝛼 = 0 or 𝛽 = 0 under the firm’s optimal pricing and quality 
decisions.             ∎ 

Proof of Proposition 2 

It suffices to consider linear pricing of quality under referral-upgrade, i.e., 𝑝7 = 𝑝𝜃 and 𝑝8 = 𝑝(1 − 𝜃), 
where 𝑝 is the price of the full-version product, and show that it outperforms referral-reward. Under linear 
pricing, we have 𝑈<(𝑣) = (𝑣 − 𝑝)(1 − 𝜃) ≥ 0 ⇔ 𝑣 ≥ 𝑝 and 𝑈>(𝑣) ≥ 0 ⇔ 𝑣 ≥ 𝑝. One can verify that 
𝑞 = 1 − 𝑝 = 𝑞>�, 𝑞>� = 0, and 

𝑈;(𝑣) ≥ 0 ⇔ �
𝑣 ≥

𝑐
𝑞(1 − 𝜃) , if 𝑣 < 𝑝,

𝑣 ≥
𝑐

1 − 𝜃 + 𝑝
(1 − 𝑞), if 𝑣 ≥ 𝑝.

 

Hence, 

𝑈<(𝑣) ≤ 𝑈;(𝑣) ⇔ �𝑣 ≤
𝑝(1 − 𝜃) − 𝑐
(1 − 𝜃)(1 − 𝑞) , if 𝑣 < 𝑝,

𝑞𝑝(1 − 𝜃) ≥ 𝑐, if 𝑣 ≥ 𝑝.
 

This implies 



𝑈7(𝑣) =
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⎪⎪
⎨

⎪⎪
⎧�
𝜃(𝑣 − 𝑝), if 𝑣 < 𝑝,
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𝑐
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⎪
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⎪
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𝑐
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𝑞𝑣(1 − 𝜃) + 𝜃(𝑣 − 𝑝) − 𝑐, if 
𝑐

𝑞(1 − 𝜃) ≤ 𝑣 < 𝑝,

𝑣 − 𝜃𝑝 − 𝑐 − (1 − 𝜃)𝑝(1 − 𝑞), if 𝑣 ≥ 𝑝,

if 𝑝 ≥
𝑐

𝑞(1 − 𝜃) .
 

Case 1: 𝒑 ≥ 𝒄
𝒒(𝟏�𝜽)

. In this case, note that 

𝑞𝑣(1 − 𝜃) + 𝜃(𝑣 − 𝑝) − 𝑐 ≥ 0	 ⇔ 	𝑣 ≥
𝑐 + 𝜃𝑝

𝜃 + 𝑞(1 − 𝜃) ,

𝑐 + 𝜃𝑝
𝜃 + 𝑞(1 − 𝜃) >

𝑐
𝑞(1 − 𝜃)	⇔ 	𝑝 >

𝑐
𝑞(1 − 𝜃)	⇔	

𝑐 + 𝜃𝑝
𝜃 + 𝑞(1 − 𝜃) < 𝑝.

 

Thus, 𝑣^ =
-FbM

bFP(��b)
∈ � -

P(��b)
, 	𝑝�. This implies that 𝛼 = 1, 𝛽 = 0, and 

𝛾 = ℙ{𝑈<(𝑉) ≥ 0 ∣ 𝑈;(𝑉) ≥ max{0,𝑈<(𝑉)}, 𝑉 ≥ 𝑣^}	 = ℙ{𝑈<(𝑉) ≥ 0 ∣ 𝑉 ≥ 𝑣^} =
1 − 𝑝
𝑞7

. 

The firm’s profit is 

                             
max
M,b

	 Π(𝑝, 𝜃) = 𝑝(1 − 𝑝 + 𝜃) �1 − -FbM
��MFMb

� + (1 − 𝜃)𝑝X(1 − 𝑝)

s.t.		 𝑞 = 1 − 𝑝,	𝑞7 = 1 − -FbM
bFP(��b)

, 	and 𝑝 ≥ -
P(��b)

.
  (5) 

The last constraint 𝑝 ≥ -
P(��b)

 implies that Problem (5) is feasible only when 𝑐 ≤ 1/4. Under 𝑐 ≤ 1/4, one 

can verify that 𝑝 = 1/2 and 𝜃 = √2− 4𝑐 − 1 is a feasible solution to Problem (5), and it generates profit 
3/4 − 𝑐 −�2(1 − 2𝑐)/4. Comparing this profit to (5/4 − 𝑐)X/4, the optimal profit under referral-reward, 
we have 

3/4 − 𝑐 − �2(1 − 2𝑐)/4 > (5/4 − 𝑐)X/4	 ⇔ 	3− 4𝑐 − (5/4 − 𝑐)X > �2(1 − 2𝑐)
⇔	 (1 − 4𝑐)X(16𝑐X + 56𝑐 + 17)/256 > 0,

 

which holds trivially for all 𝑐 < 1/4. 

Case 2: 𝒑 < 𝒄
𝒒(𝟏�𝜽)

. In this case, we have 𝑈7(𝑣) = 𝜃(𝑣 − 𝑝)𝟏{��M} + (𝑣 − 𝑝)F. Thus, 𝑣^ = 𝑝 so that 𝛼 =
0 and 𝛽 = 1. The firm’s profit is 

                                                             
max
M,b

	 Π(𝑝, 𝜃) = 𝑝(1 − 𝑝)

s.t.		 𝑞 = 1 − 𝑝	and 𝑝 ≤ -
P(��b)

.
  (6) 

It is clear that when 𝑐 < 1/4, the firm’s profit is no more than 1/4, so it is dominated by the profit in Case 
1. When 𝑐 ≥ 1/4, the optimal 𝑝∗ = 1/2, generating profit 1/4. 

To sum up, when 0 < 𝑐 < 1/4, the firm’s profit is strictly higher under the referral-upgrade program than 
under the referral-reward program. When 𝑐 ≥ 1/4, the firm has identical profits under the referral-upgrade 
and referral-reward programs.            ∎ 

Proof of Proposition 3 

Referral-Reward. A 𝑣 −type customer will purchase a product if and only if 𝑣 ≥ 𝑝 and will refer after 
purchase if and only if 𝑞𝑟 − 𝑐 ≥ 0, where 𝑞 = 1 − 𝑝. So the firm solves 

max
^�;�M��

	Π(𝑝, 𝑟) = 𝑞7e𝑝 + (𝑝 − 𝑟)𝑞𝟏{P;Q-}f

			s.t.		𝑞7 = 1 − 𝑝 = 𝑞.
 



Case 1: 𝒒 = 𝟏 − 𝒑 ≥ 𝒄/𝒓. In this case, the firm solves max
^�;�M���-/;

(1 − 𝑝)[𝑝 + (𝑝 − 𝑟)(1 − 𝑝)]. This 

problem is feasible if and only if 𝑟 < 1 − 𝑐/𝑟 ⇔ 𝑟X − 𝑟 + 𝑐 < 0 ⇔ e1 − √1 − 4𝑐f/2 < 𝑟 <
e1 + √1− 4𝑐f/2. This requires 𝑐 ≤ 1/4. Thus, Case 1 is vacuous if 𝑐 > 1/4. For 𝑐 ≤ 1/4, it is clear that 
Π(𝑝, 𝑟) is decreasing in 𝑟. The constraint 𝑟 ≤ 𝑝 ≤ 1 − 𝑐/𝑟 implies -

��M
≤ 𝑟 ≤ 𝑝. This further implies the 

optimal 𝑟∗ = -
��M

. Plugging it into Π, we have Π(𝑝) = (1 − 𝑝)(2𝑝 − 𝑐 − 𝑝X). The constraint on 𝑝 becomes 
-

��M
< 𝑝 ⇔ e1 − √1− 4𝑐f/2 < 𝑝 < e1 + √1− 4𝑐f/2. First order condition yields ��(M)

�M
= 0 ⇒ 𝑝� = 1 −

�3(1 − 𝑐)/3 and 𝑝X = 1 + �3(1 − 𝑐)/3. One can verify that e1 − √1 − 4𝑐f/2 < 𝑝� < e1 + √1 − 4𝑐f/2 
for all 𝑐 < 1/4; thus, 𝑝� is a local maximum and 𝑝X is a local minimum. 

Therefore, in Case 1, for 𝑐 ≤ 1/4, we have 𝑝̂ = 𝑝� and Π(𝑝̂) = (1 − 𝑝̂)(2𝑝̂ − 𝑐 − 𝑝̂X) = 2𝑡�/27, where 
𝑡 ≜ �3(1 − 𝑐). 

Case 2: 𝒒 = 𝟏 − 𝒑 < 𝒄/𝒓. In this case, the firm solves max
���{��-/;,;}�M��

𝑝(1 − 𝑝). He can always set 𝑟 = 0 

and 𝑝 = 1/2, leading to profit 1/4 in Case 2. Recall that Π(𝑝̂) = 2𝑡�/27 in Case 1 is increasing in 𝑡 and 
thus decreasing in 𝑐. Further, when 𝑐 = 1/4, Π(𝑝̂) = 1/4. 

Combining Cases 1 and 2, we obtain the firm’s optimal price, reward, and profit as follows 

(𝑝∗, 𝑟∗, Π∗) =

⎩
⎪
⎨

⎪
⎧
�1 −�3(1 − 𝑐)/3, 𝑐�

3
1 − 𝑐 , 2

(1 − 𝑐)�3(1 − 𝑐)/9  , if 0 ≤ 𝑐 < 1/4,

(1/2,0,1/4), if 𝑐 ≥ 1/4.

 

Referral-Upgrade. We consider linear pricing of quality under referral-upgrade, i.e., 𝑝7 = 𝜃𝑝 and 𝑝8 =
(1 − 𝜃)𝑝, where 𝑝 is the price of the full-version product, and show that it outperforms referral-reward. 
Under linear pricing, 𝑞 = 1 − 𝑝 = 𝑞>�  and 𝑞>� = 0. Following a similar analysis in the proof of 
Proposition 2, we discuss two cases. 

Case 1: 𝒑 ≥ 𝒄
𝒒(𝟏�𝜽)

, then 𝛼 = 𝛾 = 1 and 𝛽 = 0. So the firm solves 

max
M,b

	Π(𝜃, 𝑝) = (1 − 𝑝)𝑝[1 + 𝜃(1 − 𝑝)]

			s.t.		𝜃 ≤ 1 −
𝑐

𝑝(1 − 𝑝) .
 

For the feasible set to be non-empty, it must hold that 𝑐 ≤ 1/4; otherwise, the problem is infeasible. 

For 𝑐 ≤ 1/4, with a feasible 𝜃 = 1 − -
M(��M)

, Π(𝜃, 𝑝) = (1 − 𝑝)𝑝[1 + 1 − 𝑝 − 𝑐/𝑝] = (1 − 𝑝)(2𝑝 − 𝑐 −
𝑝X). Thus, the optimal Π(𝜃∗, 𝑝∗) ≥ (1 − 𝑝)(2𝑝 − 𝑐 − 𝑝X). Recall that with 𝑝 = 𝑝�, the latter is the optimal 
profit under referral-reward. We show 𝑝� is a feasible solution under referral-upgrade as it induces 𝜃 = 1 −

-
M�(��M�)

≥ 0 for 𝑐 ≤ 1/4. Indeed, 1 − -
M(��M)

≥ 0 ⇔ 𝑝 ∈ e¡1 − √1 − 4𝑐¢/2, ¡1 + √1 − 4𝑐¢/2f. As we 
plug in 𝑝�, we find 

𝑝� > e1 − √1 − 4𝑐f/2 ⇔ √1 − 4𝑐 > (4𝑐 − 1)/3		and		𝑝� < e1 + √1− 4𝑐f/2 ⇔ √1 − 4𝑐 < 3. 

Both hold trivially as 𝑐 ≤ 1/4. 

Case 2. 𝒑 < 𝒄
𝒒(𝟏�𝜽)

, then 𝛼 = 𝛾 = 0,𝛽 = 1. So the firm solves 

max
M,b

	Π(𝜃, 𝑝) = (1 − 𝑝)𝑝

			s.t.		𝑝(1 − 𝑝) <
𝑐

1 − 𝜃 .
 

Note that 𝜃 = 1, 𝑝 = 1/2 is always a feasible solution and generates profit 1/4. 



To sum up, in both Cases 1 and 2, we can find feasible solutions of linear pricing under referral-upgrade 
that generate exactly the same profits as those under referral-reward.     ∎ 

Appendix B: Results of Referral-Reward Programs 
under Linear Marginal Costs 
Proposition B.1.  Under the referral-reward program, with linear marginal costs, the firm’s optimal 
decisions and profit are 

                              (𝜃∗, 𝑝∗, 𝑟∗, Π∗) = �
£1, �F¤

X
, ��¤
¥
+ -

��¤
, ¡¥-�¦F§¤�¤

�¢�

§¥
¨ , if 𝑐 ≤ (��¤)�

¥
,

�1, �F¤
X
, 0, (��¤)

�

¥
� , if 𝑐 > (��¤)�

¥
.
  (7) 

Proof. It is clear that 𝑝 ≥ 𝜃 ⇒ Π = 0. Thus, we only need to consider 𝑝 ≤ 𝜃. With 𝑞 = 1 − 𝑝/𝜃, we 
consider two cases. 

Case 1: (𝒑, 𝒓, 𝜽) induces 𝒒𝒓 < 𝒄. The firm can always set 𝑟 = 0 to ensure 𝑞𝑟 < 𝑐 for all 𝑐 > 0. In this 
case, 𝑞7 = (1 − 𝑝/𝜃)F = 𝑞 and Π(𝑝, 𝜃) = (1 − 𝑝/𝜃)(𝑝 − 𝑘𝜃). The optimal 𝑝̂ = min{𝜃(1 + 𝑘)/2, 𝜃}. So 

Π(𝜃) = �𝜃(1 − 𝑘)
X/4, if 𝑘 < 1,

0, if 𝑘 ≥ 1. ⇒	
(𝜃∗, 𝑝∗, 𝑟∗, Π∗) = �(1, (1 + 𝑘)/2,0, (1 − 𝑘)

X/4), if 𝑘 < 1,
(0,0,0,0), if 𝑘 ≥ 1. 

Case 2: (𝒑, 𝒓, 𝜽) induces 𝒒𝒓 ≥ 𝒄. In this case, 𝑞7 = ℙ{𝑉 ≥ [𝑝 − (𝑞𝑟 − 𝑐)]F/𝜃}. Because 𝑞𝑟 ≥ 𝑐, we have 
1 − [𝑝 − (𝑞𝑟 − 𝑐)]/𝜃 = [𝜃 − 𝑝 + (𝑞𝑟 − 𝑐)]/𝜃 = [𝑞(𝜃 + 𝑟) − 𝑐]/𝜃 ≥ 0. Thus, 𝑞7 = min{1, [𝑞(𝜃 + 𝑟) −
𝑐]/𝜃}. We further discuss two sub-cases. 

Case 2.1: [𝒒(𝜽 + 𝒓) − 𝒄]/𝜽 ≥ 𝟏. In this case, 𝑞7 = 1 and thus, 𝑞𝑟 ≥ 𝑐. The firm solves 

max
b,M,;

	Π(𝜃, 𝑝, 𝑟) = (𝑝 − 𝑘𝜃) + (𝑝 − 𝑘𝜃 − 𝑟)(1 − 𝑝/𝜃)

			s.t.		𝑟 ≥ [𝜃(1 − 𝑞) + 𝑐]/𝑞 =
𝑝 + 𝑐
1 − 𝑝/𝜃 .

 

Because the objective function is decreasing in 𝑟, the optimal 𝑟̂ = [𝜃(1 − 𝑞) + 𝑐]/𝑞. Plugging it into Π, we 
rewrite Π(𝑝, 𝜃) = (𝑝 − 𝑘𝜃)(2 − 𝑝/𝜃) − 𝑝 − 𝑐. The optimal 𝑝̂ = min{𝜃(1 + 𝑘)/2, 𝜃}. Plugging it into Π, 
we have 

Π(𝜃) = �𝜃[1 − 𝑘(6 − 𝑘)]/4 − 𝑐, if 𝑘 < 1,
−𝑘𝜃 − 𝑐, if 𝑘 ≥ 1. 

Because 1 − 𝑘(6 − 𝑘) > 0 ⇔ 0 < 𝑘 < 3 − 2√2 = 0.1716, we have 

(𝜃∗,𝑝∗, 𝑟∗, Π∗) = �
«1,

1 + 𝑘
2 ,

𝑝∗ + 𝑐
1 − 𝑝∗ ,

1 − 𝑘(6 − 𝑘)
4 − 𝑐¬ , if 0 < 𝑘 < 3 − 2√2,

(0,0,+∞,−𝑐), if 𝑘 ≥ 3 − 2√2,
 

Case 2.2: [𝒒(𝜽 + 𝒓) − 𝒄]/𝜽 < 𝟏. In this case, 𝑞7 = [𝑞(𝜃 + 𝑟) − 𝑐]/𝜃. So the firm solves 

max
b,M,;

	Π(𝜃, 𝑝, 𝑟) = [(𝑝 − 𝑘𝜃)(1 + 𝑞) − 𝑟𝑞][𝑞(𝜃 + 𝑟) − 𝑐]/𝜃

			s.t.		𝑐/𝑞 ≤ 𝑟 < [𝜃(1 − 𝑞) + 𝑐]/𝑞.
 

The constraint 𝑐/𝑞 ≤ 𝑟 ≤ (𝑝 − 𝑘𝜃)(1 + 𝑞)/𝑞 ⇒ 𝑐 ≤ (𝑝 − 𝑘𝜃)(2 − 𝑝/𝜃). The latter (𝑝 − 𝑘𝜃)(2 − 𝑝/𝜃) 
achieves a global maximum at 𝑝 = 𝜃 + 𝑘𝜃/2 > 𝜃. Because we focus on 𝑝 ≤ 𝜃, it holds that 
(𝑝 − 𝑘𝜃)(2 − 𝑝/𝜃) ≤ (𝜃 − 𝑘𝜃)(2 − 𝜃/𝜃) = 𝜃(1 − 𝑘). Thus, 𝑐 ≤ 𝜃(1 − 𝑘) ≤ 1. 

The objective function is concave in 𝑟 and achieves a global maximum at 𝑟̂ = -�PbF(�FP)(M�¤b)
XP

. Note that 

�𝑟̂ < [𝜃(1 − 𝑞) + 𝑐]/𝑞 ⇔ (2 − 𝑝/𝜃)(𝑝 − 𝑘𝜃) − 𝜃 − 𝑝 − 𝑐 < 0,
𝑟̂ > 𝑐/𝑞 ⇔ (2 − 𝑝/𝜃)(𝑝 − 𝑘𝜃) − 𝜃 + 𝑝 − 𝑐 ≥ 0. 

We first show the first inequality always holds, and then examine the second inequality. 



Define 𝑔�(𝑝, 𝜃) ≜ (2 − 𝑝/𝜃)(𝑝 − 𝑘𝜃) − 𝜃 − 𝑝 − 𝑐. It is clear that 𝑔� < 0 for all 𝜃 ∈ [0,1], 	𝑝 ∈ [0, 𝜃]. 
Fixing 𝜃, 𝑔�(𝑝, 𝜃) is concave in 𝑝 with the global maximum achieved at 𝑝̂ = 𝜃(1 + 𝑘)/2. This gives 
𝑔�(𝑝̂, 𝜃) = −𝑐 + (−3𝑘/2 + 𝑘X/4− 3/4)𝜃. Define 𝑔X(𝑘) ≜ −3𝑘/2+ 𝑘X/4− 3/4. It is convex in 𝑘. 
Because 𝑔X(0) = −𝑐 − 3/4 < 0 and 𝑔X(1) = −𝑐 − 2 < 0, it follows that 𝑔X(𝑘) < 0 for all 𝑘 ∈ [0,1]. 
Thus, 𝑔�(𝑝̂, 𝜃) is decreasing in 𝜃 and its maximum 𝑔�(𝑝̂, 0) = −𝑐 < 0. 

Now, 

(2 − 𝑝/𝜃)(𝑝 − 𝑘𝜃) − 𝜃 + 𝑝 − 𝑐 ≥ 0
⇔	 𝜃 ¯3 + 𝑘 −�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃° /2 ≤ 𝑝 ≤ 𝜃 ¯3 + 𝑘 +�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃/2° . 

Because 𝑐 ≤ 𝜃(1 − 𝑘), we have 5 + 𝑘X − 2𝑘 − 4𝑐/𝜃 ≥ 5 + 𝑘X − 2𝑘 − 4(1 − 𝑘) = (1 + 𝑘)X ≥ 0. This 
further implies 𝜃e3 + 𝑘 +�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃f/2 > 𝜃 > 𝜃e3 + 𝑘 −�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃f/2 > 0. 
Because 𝑝 ≤ 𝜃, 𝑝 ≤ 𝜃e3 + 𝑘 +�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃/2f holds trivially. We only need to analyze whether 
𝑝 ≥ 𝜃e3 + 𝑘 −�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃f/2 ≜ 𝑝^ holds. 

• For 𝒑 ≥ 𝒑𝟎, the optimal 𝑟∗ = 𝑟̂ and Π(𝑝, 𝜃) = ¡M��Mb�¤MbF-b�b�FX¤b�¢�

¥b²
. Fixing 𝜃, one can show that the 

only local maximum is achieved at 𝑝̂ = 𝜃(1 + 𝑘)/2. Then 𝑝̂ ≥ 𝑝^ ⇔ 𝜃 ≥ ¥-
(X�¤)�

. Because 𝑐 ≤

𝜃(1 − 𝑘) ⇔ 𝜃 ≥ 𝑐/(1 − 𝑘) and -
��¤

≥ ¥-
(X�¤)�

⇔ 𝑘X ≥ 0 (the latter holds trivially), we plug in 𝑝̂ and obtain 

Π(𝜃) =
(4𝑐 − 5𝜃 + 6𝑘𝜃 − 𝑘X𝜃)X

64𝜃 	for	
𝑐

1 − 𝑘 ≤ 𝜃 ≤ 1. 

One can verify that ¡¥-�¦bF§¤b�¤
�b¢�

§¥b
 has a unique local maximum achieved at 𝜃� = − ¥-

(��¤)(¦�¤)
 and a 

unique local minimum achieved at 𝜃X =
¥-

(��¤)(¦�¤)
. Because 𝑘 ≤ 1, it holds that 𝜃X ≤

-
��¤

. So Π(𝜃) is 

increasing for 𝜃 ≥ -
��¤

 and thus, achieves maximum at 𝜃∗ = 1 with Π∗ = ¡¥-�¦F§¤�¤�¢�

§¥
. 

• For 𝒑 < 𝒑𝟎, the optimal 𝑟∗ = 𝑐/𝑞 and Π(𝑝, 𝜃) = [(𝑝 − 𝑘𝜃)(2 − 𝑝/𝜃) − 𝑐](1 − 𝑝/𝜃). With fixed 𝜃 ∈
¯ -
��¤

, 1°, it has a unique local minimum achieved at 𝑝� ≜ 𝜃e3 + 𝑘 +�−3𝑐/𝜃 − (3𝑘 − 𝑘X − 3)f/3 and a 

unique local maximum achieved at 𝑝X ≜ 𝜃e3 + 𝑘 −�−3𝑐/𝜃 − (3𝑘 − 𝑘X − 3)f/3. Because −3𝑐/𝜃 −
(3𝑘 − 𝑘X − 3) > −3(1 − 𝑘) − (3𝑘 − 𝑘X − 3) > 𝑘X, it holds that 0 < 𝑝X < 𝜃 < 𝑝�. Further, note that 

𝑝^ > 𝑝X ⇔ 𝜃 ¯3 + 𝑘 − �5 + 𝑘X − 2𝑘 − 4𝑐/𝜃°/2 > 𝜃 ¯3 + 𝑘 − �−3𝑐/𝜃 − (3𝑘 − 𝑘X − 3)° /3

⇔ 3 + 𝑘 + 2�−3𝑐/𝜃 − (3𝑘 − 𝑘X − 3) > 3�5 + 𝑘X − 2𝑘 − 4𝑐/𝜃

⇔
𝑐

1 − 𝑘 < 𝜃 <
4𝑐

(1 − 𝑘)X .

 

This leads to 

Π(𝜃) =

⎩
⎨

⎧Π�(𝜃) ≜ [(𝑝^ − 𝑘𝜃)(2 − 𝑝^/𝜃) − 𝑐](1 − 𝑝^/𝜃), if 
𝑐

1 − 𝑘 < 𝜃 <
4𝑐

(1 − 𝑘)X ,

ΠX(𝜃) ≜ [(𝑝X − 𝑘𝜃)(2 − 𝑝X/𝜃) − 𝑐](1 − 𝑝X/𝜃), if 
4𝑐

(1 − 𝑘)X ≤ 𝜃 ≤ 1.
 

We can rewrite Π�(𝜃) = 𝜃¡𝑘 + 1 −�𝑘X − 2𝑘 + 5 − 4𝑐/𝜃¢
X
/4. Let 𝑧 ≜ �𝑘X − 2𝑘 + 5 − 4𝑐/𝜃. Then 

𝜃 = ¥-
¤��X¤F¦�´�

 and we further rewrite Π�(𝜃) = 𝜃(𝑘 + 1 − 𝑧)X/4 = -(¤F��´)�

¤��X¤F¦�´�
≜ ℎ(𝑧). Note that -

��¤
<

𝜃 < ¥-
(��¤)�

⇔ 𝑧 ∈ (𝑘 + 1, 2). Also, ℎ′(𝑧) = 0 has two roots 𝑧� = 1 + 𝑘 and 𝑧X =
¦�X¤F¤�

�F¤
> 2. One can 

verify that ℎ·(𝑧�) =
-

X(��¤)
> 0. Thus, ℎ(𝑧) is increasing for 𝑧 ∈ (𝑘 + 1, 2). Equivalently, Π�(𝜃) is 

increasing for -
��¤

< 𝜃 < ¥-
(��¤)�

. 



If ¥-
(��¤)�

≥ 1 ⇔ 𝑐 ≥ (1 − 𝑘)X/4, then the optimal 𝜃∗ = 1. Plugging it into Π� and comparing the resulting 
profit with the one under 𝑝 ≥ 𝑝^, we obtain Π�(1) ≤ (4𝑐 − 5 + 6𝑘 − 𝑘X)X/64⇔ (2𝑘 − 𝑘X − 1 + 4𝑐)X ≥
0 (the latter holds trivially). If 𝑐 < (1 − 𝑘)X/4, then the optimal 𝜃∗ lies in ¯ ¥-

(��¤)�
, 1°. Let 𝑥 ≜

�−3𝑐/𝜃 − (3𝑘 − 𝑘X − 3). Then 𝜃 = �-
���¤F¤��¹�

, ΠX(𝜃) =
-
º
¯3 + 𝑘 + ¡¹���¢¡¹»FX¤��¢

(¹��¤�F�¤��)
° ≜ 𝑔(𝑥), and 𝜃 ∈

¯ ¥-
(��¤)�

, 1° implies �𝑘X − 3𝑘 + 3 − 3(1 − 𝑘)X/4 < 𝑥 < √𝑘X − 3𝑘 + 3 − 3𝑐. We compute 𝑔′(𝑥) =
X-¹
º
¯2𝑥X + 𝑘X − 3𝑘 + ¤(��¤)(��¤)�¡§�¥¤F¤�¢

(�¤�¤�F¹���)�
°. Because 6 − 4𝑘 + 𝑘X > 0 for all 𝑘 ∈ [0,1] and 2𝑥X + 𝑘X −

3𝑘 ≥ 2(𝑘X − 3𝑘 + 3 − 3(1 − 𝑘)X/4)+ 𝑘X − 3𝑘 = 3(1 − 𝑘)(3 − 𝑘)/2 > 0, it follows that 𝑔′(𝑥) > 0. 
Thus, 𝑔(𝑥) is increasing in 𝑥 and the optimal 𝑥∗ = √𝑘X − 3𝑘 + 3 − 3𝑐. Plugging it into 𝑔, we next show 
𝑔¡√𝑘X − 3𝑘 + 3 − 3𝑐¢ ≤ (4𝑐 − 5 + 6𝑘 − 𝑘X)X/64. Define 𝐺(𝑐, 𝑘) ≜ (4𝑐 − 5 + 6𝑘 − 𝑘X)X/64−
𝑔¡√𝑘X − 3𝑘 + 3 − 3𝑐¢. Fixing 𝑘, one can show that it has two stationary points 𝑐� = 3/4 − 𝑘 + 𝑘X/3 −
�3/4 − 𝑘 + 𝑘X/2/6 and 𝑐X = 3/4− 𝑘 + 𝑘X/3+ �3/4− 𝑘 + 𝑘X/2/6 > 𝑐�. One can further verify that 
𝑐� is a local minimum and 𝑐X is a local maximum. So it suffices to show 𝐺(0, 𝑘) = (5 − 6𝑘 + 𝑘X)X/64−
𝑘(1 − 𝑘)X(3 − 𝑘)(6 − 4𝑘 + 𝑘X)/27 ≥ 0. We compute 𝐺′(0, 𝑘) = −(1 − 𝑘)(231 − 552𝑘 + 505𝑘X −
208𝑘� + 32𝑘¥)/144. Let 𝐽(𝑘) ≜ 231 − 552𝑘 + 505𝑘X − 208𝑘� + 32𝑘¥ and one can show it is positive 
and decreasing for 𝑘 < 1. Because 𝐽·(𝑘) ∝ 505 − 624𝑘 + 192𝑘X > 0, 𝐽′(𝑘) is increasing in 𝑘. Because 
𝐽′(1) = −38 < 0, 𝐽(𝑘) is decreasing in 𝑘. Because 𝐽(1) = 8 > 0, 𝐺′(0, 𝑘) < 0 for all 𝑘 ∈ [0,1] and 
𝐺(0, 𝑘) is decreasing in 𝑘. Because 𝐺(0,0) = 25/64 > 0, 𝐺(0, 𝑘) > 0 for all 𝑘 ∈ [0,1]. Therefore, 𝑝 < 𝑝^ 
is never better than 𝑝 ≥ 𝑝^. 

We next compare profits achieved in Cases 1, 2.1, and 2.2. 

� (4𝑐 − 5 + 6𝑘 − 𝑘X)X/64 > (1 − 𝑘)X/4 ⇔ 𝑐 < (1 − 𝑘)X/4
(4𝑐 − 5 + 6𝑘 − 𝑘X)X/64 − [1 − 𝑘(6 − 𝑘)/4 − 𝑐] = (3 + 6𝑘 − 𝑘X + 4𝑐)X/64 ≥ 0. 

The final solutions are given in (7).  ∎ 

Appendix C: Comparative Statics of Referral-Upgrade: 
Single Referral vs. Multiple Referrals 
In this section, we compare the firm’s optimal pricing and quality decisions, as well as customer behavior 
under the referral-upgrade program between the base model, where each base customer refers at most one 
friend, and the multi-referral model, where each base customer refers up to 𝐷 friends. We fix 𝛿 = 1 to 
carry out such a comparison (recall that the base model assumes 𝛿 = 1). This analysis shows how the 
breadth of the referral structure affects the firm’s strategy and customer behaviors. Results are presented in 
Figure C.1, where we only report results when referrals are sustained. 



 
Figure C.1. Comparison Between Single Referrals and Multiple Referrals under Referral-
Upgrade Program 

First, we observe that as the referral cap 𝐷 increases, referrals can only be sustained under lower referral 
costs. This is because the total product quality is fixed at one, and a higher 𝐷 dilutes the value of each 
upgrade option, thereby requiring a lower referral cost to maintain referral actions. We numerically find 
that under 𝐷 = 1 and 2, referrals will be maintained when the referral cost 𝑐 < 0.25; under 𝐷 = 3, referrals 
exist when 𝑐 < 0.21, and under 𝐷 = 4, referrals exist when 𝑐 < 0.18. Focusing on low referral costs for 
referrals to sustain, we find that when 𝑐 is sufficiently small, enabling more referrals (i.e., higher 𝐷) can 
help the firm reach more customers; this effectively boosts profits. However, as the referral cost grows, 
enabling multiple referrals may actually hurt the firm’s profit because customers are less inclined to refer 
and the firm has to offer sufficient upgrade incentives to reward each referral attempt; see Figure C.1-(a). 

Second, Figure C.1-(d) shows that the basic product’s quality 𝜃∗ becomes negligible when 𝐷 > 1. This 
may result from the special pricing and referral scheme we choose to analyze; under this scheme, the firm 
is unable to tailor incentives across multiple referrals. Recall that under this scheme, the firm sets the basic 
product’s quality at 𝜃 and distributes the remaining quality 1 − 𝜃 equally across 𝐷 referrals. When 𝐷 is 
large, because each incremental upgrade has quality (1 − 𝜃)/𝐷, the firm has to set the basic product’s 
quality 𝜃 sufficiently low to stimulate referrals, effectively making the basic product a low-cost and low-
quality “entry ticket” to a full version product. 

Third, customer behaviors under multiple referrals are qualitatively different from those under single 
referrals; see Figure C.1-(e) to Figure C.1-(i). Specifically, unlike the base model in which all base 
customers purchasing the basic product will make referrals (i.e., 𝛼 = 1 when 𝐷 = 1), only some of these 
customers will do so when they make multiple referrals (i.e., 𝛼 < 1 when 𝐷 > 1). Moreover, under 
multiple referrals, the demand from base customers is non-monotone in the referral cost, referred customers 
may possibly buy the basic product only (i.e., 𝑞>? > 0), and the probability that referred customers will buy 
the full version product 𝑞>

@ can be non-monotone in the referral cost. 



These ramifications from the base model suggest that the referral and versioning mechanisms under 
multiple referrals can be very different from those under single referrals. Moreover, the profit comparison 
in Figure C.1-(a) shows how the breadth of referral reach (via 𝐷) affects the firm’s design of upgrade-based 
incentives. Specifically, while increasing 𝐷 may initially improve the firm’s reachability to potential users 
and enhance profitability, abusively doing so may even backfire due to incentive dilution. These insights 
highlight a fundamental trade-off inherent in upgrade-based referral programs. 

 


