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A B S T R A C T

Crowdfunding, the practice of funding projects by appealing to the mass market, has grown in the past decade
to become a significant path of raising money for various ventures. It works by offering people the ability
to give a certain amount of money for some reward they will receive once the project is done. But while
plenty of academic research investigates what makes projects successful, there is relatively little dealing with
understanding how rewards should be priced and understood, and how they affects a project’s success. In
this paper, we wish to examine if common pricing techniques used in the ‘‘regular’’ consumer space apply to
crowdfunding as well. We constructed the largest dataset of crowdfunding projects, by collecting approximately
180,000 projects from Kickstarter, the largest crowdfunding platform. Using this extensive dataset, we explored
several known pricing techniques used for consumers — such as putting a 9 as the last digit, bundle pricing,
and anchoring prices — wishing to understand if they work for crowdfunding projects as well. Our results
indicate that generally, they do with very high significance (with a few notable exceptions and changes).
This helps to show that crowdfunding pricing in more akin to product pricing than to investment-type pricing
modes.
1. Introduction

The question of how to fund a project, a product, or a venture, when
one does not have the necessary money for it, has been at the core
of financial innovation for millennia. This is why loans (and interest)
were created, the banking system set up, bonds and stock markets
established, and, more recently, venture capital firms. Making use of
the ability to reach people via the internet, we have seen the rise
of crowdfunding (Hossain and Oparaocha, 2017). Crowdfunding is the
practice of funding projects (or any type of venture) by raising money
from an extremely large number of people (Rossi, 2014). This is done
typically by designated websites, with Kickstarter1 being the largest
one (Hossain and Oparaocha, 2017; Mollick, 2018).

Crowdfunding has several types, such as donation-based, reward-
based, lending-based, or equity-based (Zhao et al., 2019; Bi et al.,
2017). We will focus on a reward-based model, in which rewards
are offered to potential investors (hereinafter referred to as backers)
as incentives to pledge to a project. Different rewards are offered in
return to different amounts of monetary contribution, and the reward
can be either physical (e.g., book, meal, signed CD, a pre-purchase of
a product) or non-physical (e.g., message, e-book, meet-up). Backers
pledge money to a project by paying the amount for desired rewards,
usually within a limited timeframe. Once the project is pledged enough
money to pass a pre-defined funding goal, the project entrepreneur
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1 https://www.kickstarter.com.

receives the money, and is supposed to deliver the rewards in due
course (Zhao et al., 2019; Bi et al., 2017; Hossain and Oparaocha, 2017;
Mollick, 2018). In this ‘‘all or nothing’’ funding method, the pledge is
not final, and the backer will only give the money once the funding
goal is reached. The crowdfunding platforms themselves take a certain
percentage of successfully funded projects’ money (Gerber et al., 2012).

Since backing with a certain amount is associated with a particular
reward in the main crowdfunding platforms, those rewards play a
crucial role in projects’ success. Rewards offer a strategy to engage
backers in projects, since they answer both selfish motivation — of-
fering an immediate gain for backers — and benevolent motivations,
as crowdfunding contributors feel as if they were part of the product
and its creation and success (Gerber et al., 2012; Mollick, 2014).
Backers may be motivated to invest in the project by a variety of
reward strategies, including a limited number of special rewards, the
opportunity to receive the product first or as a limited edition, or a
bundle of products included in the same pledge (Gerber et al., 2012).

Pricing the rewards of a project is somewhat akin to the pricing of a
restaurant menu, with the rewards as dishes. It is quite understandable
that people have different tastes and preferences when ordering from
this menu, but the price itself may influence their choice. This means
that the choice may be influenced by psychological pricing strategies
such as the presence of the dish next to cheaper or pricier dishes, or
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the existence of special dishes that are not available every day (Thaler
and Sunstein, 2008). We will show that pricing strategy is a significant
factor that affects backers’ inclination to pledge to a project, regardless
of their initial predilections and preferences.

We will focus on Kickstarter, as one of the most used and visited
crowdfunding platforms in the world today (Mollick, 2018). Thanks to
its popularity, using its data allows us to reach conclusions which are
not unique to a specific country or to a particular, niche community
(which may have some particular behavior unique to them). Kickstarter
raised, up to 2020, over $5.9 billion in pledges, in more than 200,000
successful projects.2 The data we collected from its projects (as far
s we could ascertain, the largest dataset of crowdsourced projects
o be academically studied) offers a unique approach to examine the
ole of rewards in decision process of backers and in projects’ success.
lthough many studies have been conducted to understand the effect of
arious aspects on projects success, only few have focused on rewards
nd even fewer have considered the effect of pricing strategies on
rojects’ final results (Thürridl and Kamleitner, 2016).

Rewards can be examined from various angles and methodologies,
orrowing from economics, marketing, and psychology. In this work,
e analyze the impact of rewards’ pricing strategies on the success of
ickstarter projects, using factors such as the total number of rewards
ffered, the items they consist of, and most of all, their pricing. Unlike
revious studies, we will focus on financial factors and will examine the
ricing strategies used for pledges and explore their relation to projects’
uccess and demand for particular rewards.

. Related work

Crowdfunding has received a lot of research attention in the last
ecade (including several research overviews Moritz and Block, 2016;
hneor and Vik, 2017; Kaartemo, 2017; Bouncken et al., 2015), in
arious fields (Hoegen et al., 2018), much of it to do with finding what
orks for successful projects. Some focus on project updates (Xu et al.,
014; Hobbs et al., 2016) and entrepreneur enthusiasm (Cardon and
tevens, 2009; Chen et al., 2009; Hobbs et al., 2016), some on the dy-
amic making the early period particularly important (Colombo et al.,
015; Kuppuswamy, 2018), some on the social-network aspect (Lu
t al., 2014; Wang, 2016; Kunz et al., 2017), and some on a variety of
ther topics, including the number of images, videos, project phrasing,
tc. (Mitra and Gilbert, 2014; Kunz et al., 2017).

Looking a bit closer at rewards, Cumming et al. (2014) examined
‘all-or-nothing’’ reward-based crowdfunding models (like Kickstarter),
nd compared them to models in which entrepreneurs keep all the
onations, regardless of reaching the funding goal. The former was
hown to be more profitable.

Indeed, due to its popularity, much research focuses on reward-
ased crowdfunding, in which the rewards are a major reason for
articipation (Kuppuswamy, 2018). Hobbs et al. (2016) suggested that
he offering of high-quality rewards increases a project’s chance of
uccess. Tietz et al. (2016) demonstrated a strategy in which they used
‘decoy-rewards’’ from the most popular categories rewards in Kick-
tarter (a book, a video game, a movie) in order to persuade backers to
ledges that most effectively increase the project’s profits. Kunz et al.
2017) claim a more straightforward link: an increase in the number of
ricing levels for the rewards, as well as limiting the numbers of each
eward, is associated with higher success rates.

Ryu and Kim (2016) explored the motivations that drive sponsors
o participate in reward-based crowdfunding projects, and identified
our types of crowdfunding sponsors: angelic backers (akin to charitable

donors), reward hunters (looking for getting a high return), avid fans
(passionate regarding the project they invest in), and tasteful hermits
(who like particular projects but less passionate than the avid fans).

2 According to Kickstarter’s public statistics.
2

While one may perceive only the reward hunters to be those relevant to
this study, we wish to stress that all types of agents, regardless of their
motivation, need to choose a specific reward from those presented in
the project. Thus, various pricing techniques can serve to direct them to
particular ones, and their motivation may not be crucial at all (though,
due to the nature of our dataset, we are unable to compare them to
each other).

Kaartemo (2017) notes that while on donation platforms reward
prices do not seem to affect campaign success, they are crucial for
other platforms, with larger minimal rewards decreasing the chance of
success, despite most projects being funded thanks to a small number
of backers who give significant amounts (also, cheap material rewards,
i.e., physical ones, not a ‘‘thank you’’ note, hurt donation-based plat-
forms). Kaartemo (2017) also notes that a range and variety of pricing
tiers and reward quality matter more than just reward numbers; and
also that while projects are often successful with a low funding goal,
for some platforms (such as equity-based ones), a higher target helps.

2.1. Pricing strategies

Researchers have been working for decades to find optimal pricing
strategies for the seller, the consumer, or for social welfare (Ng, 2009;
Nair, 2019; Nagle et al., 2016; Dudu and Agwu, 2014; Babaioff et al.,
2014; Lev et al., 2015). Pricing strategies refer to methods used to price
products or services. The research on this topic is extensive, and we
cannot possibly do it justice in a few paragraphs.

We will note two papers which have inspired us to look at pricing
behaviors in crowdfunding settings: Khoso et al. (2014) on the pharma-
ceutical sector, and more importantly, Nair (2019) in the hotel sector.
We wish to compare crowdfunding pricing strategies with those that
are investigated and appearing in areas far-removed from crowdfund-
ing, and so to see if the behavior is similar or not. These particular
papers allow us to compare the wildly different domains of the regular,
commercial world, with crowdfunding. We use them, in a sense, as a
real-world industry baseline to crowdfunding.

Looking concretely at crowdfunding, Hu et al. (2015) examined sev-
eral crowdfunding strategies,3 and claimed that changing pricing over
time (intertemporal pricing) or offering pricing options (menu pricing)
are more profitable than the uniform pricing strategies under certain
conditions. The same pricing strategies were used by Du et al. (2020)
to evaluate optimal pricing strategy, but no mechanism was found to be
strictly dominant in terms of the entrepreneur’s expected payoff. Guan
et al. (2020b) and Zhang and Tian (2021) examined optimal pricing
strategies and optimal funding targets in reward-based crowdfunding
setting, based on these strategies as well, using both the all-or-nothing
mechanism (as in Kickstarter, where project gets the money only if
project is fully funded) or the keep-it-all mechanism (where the money
is given to the project even if it is not fully funded). Peng et al. (2020)
tied consumer valuations to optimal pricing decisions and connected
them to the funding target’s decision. Liu et al. (2022) compared
menu pricing with and without information disclosure for low price,
high price, and intertemporal price. When the target goal is relatively
low, the menu price without information disclosure is optimal, while
when the target is high and intertemporal pricing strategy is used,
information disclosure benefits the creator.

On pricing strategies and whether to set prices higher or lower
than average, Tian and Zhang (2022) consider two cases: with and
without online reviews, to examine the effect of online reviews on
strategic consumer behavior and the choice of pricing strategy. They
found that under the influence of information asymmetry and online

3 Margin pricing, in which price is set according to the highest value for
nvestors; Volume pricing, where price is set according to lowest value for
nvestors; Intertemporal pricing, where price changes over time; and menu
pricing, when both high and low prices are offered.
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reviews, entrepreneurs should adjust their decisions: when the funding
goal is low, the penetration pricing strategy (defined below, basically
means low initial price) is preferred; while when the funding goal is
high the skimming pricing strategy (defined below, basically means
high initial price) may be adopted under certain conditions. Chen and
Liu (2023) studied how companies with limited capital can communi-
cate the quality of their crowdfunding products to potential customers
through advertising and pricing. Their findings revealed that companies
offering high-quality products tend to demonstrate their quality by
setting lower prices for their crowdfunding products at the begin-
ning. This strategy imposes a cost on companies with lower-quality
products, as it diminishes their initial profits and raises the likeli-
hood of crowdfunding failure. Additionally, superior-quality products
effectively signal their quality by reducing advertising expenses and
maintaining an optimal price under conditions of clear information
and minimal herding and independent coefficients. Conversely, when
these conditions are not met, high-quality products convey their value
through increased advertising spending. Sewaid et al. (2021) examined
whether price commitment, discount, and reward classes play a role
in conveying information about product quality. According to them,
setting a low crowdfunding price when committing to a high retail price
enhances campaign performance, although it can prove to be a hurdle
when reaching the retail market. They also claimed that larger number
of rewards significantly enhances the campaign’s outcome, given the
rewards’ ability to implicitly convey information regarding the future
retail price.

On specific pricing strategies in crowdfunding, Chen et al. (2019b)
analyzed significant differences in early-bird and versioning pricing
strategies (creating different versions of same item) in crowdfund-
ing. Yang et al. (2020) examined the impact of reward limits where
campaign creators restrict the number of backers per reward tier and
the role of goal-directed mechanisms on crowdfunding success, and Kuo
et al. (2020) examined whether showing the current average amount
pledged in the fundraising process has an anchoring effect on the
subsequent backers’ pledge amount.

Our approach is quite similar to that of Thürridl and Kamleitner
(2016), who demonstrated the impact of rewards as strategic assets on
campaign success. Using an analysis of 180 successful and unsuccessful
Kickstarter projects, they classified rewards along eight dimensions
such as Reward Type, Tangibility, Scarcity, Geographical Limitation,
Monetary Value/Reward Tier, Recognition, Level of Collaboration and
Core Features.

3. Data-set

3.1. Context

Among all crowdfunding platforms, Kickstarter is the best known
and the largest one. The site is mainly a platform for creators from
North America and Europe, hosting projects that range from for-profit
to artistic. Entrepreneurs open a page for their project where they pitch
it to the crowd of potential backers, set a funding goal to achieve and
create pledges with rewards to promote participation. The site claims
no ownership over the projects, and takes a 5% fee from the funds if
the project succeeds.

In order to extract key data points from Kickstarter crowdfunding
platform, we wrote a custom crawler to download Kickstarter projects.
A total of 183,943 projects have been extracted (after cleaning), live
projects between 2008 and 2019, which are 34.1% of all Kickstarter
projects ever launched.4 Kickstarter offers a wide range of project
types, grouped into 15 categories and 160 subcategories. The data set
is relatively balanced and includes 46.1% unsuccessful projects and
53.9% successful projects. Over- or under-representation of parameters
is unlikely because no variable thresholds have been set (if a project
has been hidden it cannot be downloaded, but those are a minuscule
amount of projects).

4 According to Kickstarter Statistics, October 13, 2021.
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3.2. Measurement

The attributes we collected are listed in Tables 1 and 2, though we
did not use all of them. The attributes we used in the statistical tests
are described in Table 3.

The structure of Kickstarter pages includes many features, which we
divided into 3 types:

Entrepreneur’s properties Such as: length (time from joining Kick-
starter) and breadth of experience in Kickstarter (number of
previous projects created/backed by creator).

Pitch, Media & Marketing properties Such as: number of images,
videos or words in the project page.

inancial aspects Such as: number of rewards and the funding goal.
Since multiple rewards are offered in a single project, we have
a data set containing over a million rewards.

The data at our disposal is significantly larger than the data re-
earched in previous studies, which allows us to conduct statistically
ignificant research and to understand previously unexplored financial
actors.

Generally, data was extracted after a campaign has been completed,
.e., we consider the attributes available at the end of the campaign.
t is possible that some of these attributes were not available at the
tart of the project since throughout the campaign, creators can offer
ew rewards or update the details and images on their project pages.
owever, most projects do not fundamentally change their reward

tructure during the project, so our analysis of rewards should still
tand.

We adopt the terms commonly used by Kickstarter in this paper:

ackers Individuals who support the project by funding at least the
minimum amount from funding tiers are called backers.

oal The funding goal is the amount of money that is announced
as the final target for the project. Following the closing date
announced for funding, the project is no longer open to potential
backers. The amount of money raised by the end of the funding
period determines whether the project was successful — if the
amount raised is greater than the goal.

ledges and rewards There are a number of funding tiers from which
a potential backer can select when considering funding a par-
ticular project (see Fig. 1). Each funding tier offers a certain
reward, and the pledged amount represents the money collected
so far. Terminology wise, we use reward and pledge mostly
interchangeably when discussing the funding tier itself, but
reward refers to what is offered in return to money, while pledge
is the money given by the backer.

. Research questions and hypotheses

Rewards are a major reason why people participate in crowd-
unding (Kuppuswamy, 2018). There are a variety of reward options
vailable, ranging from simple ‘‘thank you’’ emails to exclusive experi-
nces. We examine whether (and how) some pricing strategies affect
rowdfunding project success (projects that exceed their fundraising
oal) and pledges’ demand (the amount of rewards purchased), aiming
o help entrepreneurs make useful choices. We hypothesize that there
re some pricing strategies that affect backers’ inclination to pledge to a
roject, beyond their initial preference. Many of the strategies that will
e presented in this section have been researched in the past in various
orms in a wide range of areas, but little in the field of crowdfunding.

We will examine five key pricing strategies: psychological pricing,
undle pricing, market penetration and market skimming, anchoring
ricing and scarcity pricing. For each of them we will also show some
f the current research on their effectiveness, as well as what existing
esearch exists on using these strategies in a crowdfunding context.
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Table 1
Variables collected from each project.

Conceptual variable Measurement Variable label Operationalization

Project success ratio Ratio between the amount reached and the
funding goal

Rate_of_success 𝑅𝑒𝑎𝑐ℎ𝑒𝑑
𝐺𝑜𝑎𝑙

(continuous)

Project success Binary variable, which receives a value of 1 if the
project succeeded or 0 if the project failed.

Succeeded

{

1 If 𝑅𝑒𝑎𝑐ℎ𝑒𝑑
𝐺𝑜𝑎𝑙

> 1
0 Else

(1)

(binary)

Project category Project category: Film & video, Art, Games etc. Category Directly observed (nominal)
Project subcategory Project subcategory: Action, Drama, Family Subcategory Directly observed (nominal)
Project duration Funding period for the project in days Length Directly observed (continuous)
Project start year The year the project was opened for funding StartY Directly observed (continuous)

Updates The number of updates made by the campaign
creator

Updates Directly observed (continuous)

Comments The sum of comments from backers and responses
from the creator

Comments Directly observed (continuous)

Pitch, Media & Marketing

Number of images The number of images in the project Images Directly observed (continuous)
Number of videos The number of videos in the project Videos Directly observed (continuous)
Number of gifs The number of gifs in the project Gif Directly observed (continuous)
Abstract length Number of characters in the project abstract AbstractLength Character counting (continuous)
Description length Number of characters in the project description DescriptionLength Character counting (continuous)
Title length Number of characters in the project title TitleLength Character counting (continuous)

Risks length Number of characters in the project risks
description

RisksLength Character counting (continuous)

Main image Binary variable, which receives a value of 1 if the
project has a main image or 0 if the project has a
main video.

MainImg Directly observed (binary)

Financial aspects

Goal Funding goal amount Goal Directly observed (continuous)
Funding tiers Number of funding tiers related to the project Number_of_pledges Pledges counting (continuous)

Funding tiers’ median price Pledge tiers’ median price MinMoney_median For each project med(minMoney)
(continuous)

Variance of funding tiers Variance in funding tiers prices Variance_minMoney_ddof0 For each project Variance(minMoney)
(continuous)

Number of new backers The number of new backers NewBackers Directly observed (continuous)
Number of returning backers Number of returning backers ReturningBackers Directly observed (continuous)

Rate of limited pledges Ratio between the number of limited rewards and
number of all rewards in the project

Limited_percent 𝑙𝑖𝑚𝑖𝑡𝑒𝑑(𝑦𝑒𝑠,𝑚𝑎𝑥)
𝑛𝑢𝑚𝑏𝑒𝑟_𝑜𝑓 _𝑝𝑙𝑒𝑑𝑔𝑒𝑠 (continuous)

Funding tiers sorted Whether the pledges’ values are displayed in
descending order (1-displayed in descending order,
0-else).

Are_pledge_list_sorted

{

1 if 𝑠𝑜𝑟𝑡𝑒𝑑(𝑚𝑖𝑛𝑀𝑜𝑛𝑒𝑦)
0 else

(2)

(binary)

Number of project collaborators The number of additional creators listed on the
campaign page

CollaboratorsAmount Directly observed (continuous)

Entrepreneur

Creator facebook Whether the creator shared his Facebook page Facebook Directly observed (binary)
Creator Instagram Whether the creator shared his Instagram page Instagram Directly observed (binary)
Creator Twitter Whether the creator shared his Twitter page Twitter Directly observed (binary)
Creator Youtube Whether the creator shared his YouTube page Youtube Directly observed (binary)

Previous projects created by creator The number of previous projects the creator has
created

Created Directly observed (continuous) Fixed
without the current project

Projects backed by creator The total number of other projects backed by the
creator

Backed Directly observed (continuous)

Joining date The creator’s joining date to Kickstarter creator_j_date Directly observed (nominal)
Time since joining date The time from creator’s joining date to project

start date
creator_len_experience project_s_date - (continuous)
4.1. QUESTION 1: Does psychological pricing strategy have a significant
relationship with pledges demand?

Psychological pricing is a pricing approach that considers the psy-
chological or subconscious impact on consumers and takes an advan-
tage of common heuristics. It refers to applying prices that appeal
to consumers’ emotions and relies on emotional reactions, subjective
assessments, and feelings towards specific purchases (Blythe, 2005;
Dudu and Agwu, 2014; Brassington and Petitt, 2005)
4

A common psychological effect is rooted in the first digit of a price
(far left) being considered the most dominant with regards to purchase
decisions. Changes in price may cause ‘left-digit effects’, meaning that
two prices that differ only by one cent are found to be valued at
significantly different levels (e.g., $1.99 and $2.00; or for whole dollar
amounts $19 and $20 Carmin and Norkus, 1990; Manning and Sprott,
2009; Kreul, 1982). Prospect theory describes how consumers make
decisions based on relative gains and losses, with an inherent bias in
perception, since losses appear more meaningful than gains of similar
magnitude (loss aversion). Small deviations from a reference point
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Table 2
Variables collected from each reward.

Conceptual variable Measurement Variable label Operationalization

Pledge title Linguistic features of the pledge title Title Directly observed (Text)
Pledge description Linguistic features of the perk descriptions Words Directly observed (Text)

Pledge price Reward value (note that backers can pledge more
than the suggested value)

MinMoney Directly observed (continuous)

Pledge purchases amount The number of perk purchases Sold Directly observed (continuous)
Number of rewards included in the pledge The number of rewards included in the pledge Included amount Directly observed (continuous)
rewards included in the pledge The names of rewards included in the pledge Included list Directly observed (Text)

Whether the pledge was set to limited Was there a limit on how many pledges can be
purchased? values are: yes, max (reached the
maximum limit), no

Limited Directly observed (nominal)

Currency The pledge payment currencies Currency Directly observed (nominal)
Delivery month The month expected due date for delivering the perk DeliveryM Directly observed (ordinal)
Delivery year The year expected due date for delivering the perk DeliveryY Directly observed (ordinal)
Table 3
Variables of statistical tests.

Related strategy Conceptual variable Measurement Variable label Operationalization

Psychological
pricing strategy

Pledge pricing’s last
digit

The last digit of the pledge price Reward_price_
last_digit

minMoney modulo (10) (continuous)

Bundle pricing
strategy

Number of Pledged
items

The number of items (rewards)
included in a pledge.

Included Directly observed (continuous)

Scarcity pricing
strategy

Rate of limited pledges Ratio between the number of
limited rewards and number of
all rewards in the project

Limited_percent 𝑙𝑖𝑚𝑖𝑡𝑒𝑑(𝑦𝑒𝑠,𝑚𝑎𝑥)
𝑛𝑢𝑚𝑏𝑒𝑟_𝑜𝑓 _𝑝𝑙𝑒𝑑𝑔𝑒𝑠 (continuous)

Scarcity pricing
strategy

Pledges limited groups Pledges with a limited amount
are divided into 3 categories: No
(was not limited), Yes (was
limited but did not reach the
maximum limit), Max (reached to
the maximum limit)

Limited_group Directly observed (nominal)

Scarcity pricing
strategy

Pledges near a limited
reward — before

Pledges that are before (one
pledge above in the project
funding tier’s menu) a limited
reward.

Before_limited

{

1 if (next_pledge_limited)
0 else

(3)

(binary)

Scarcity pricing
strategy

Pledges near a limited
reward — after

Pledges that are after (one pledge
below in the project funding tier’s
menu) a limited reward.

After_limited

{

1 if (previous_pledge_limited)
0 else

(4)

(binary)

Penetration
premium pricing
strategies

Representative reward
price ratio

Dividing the price of the
representative reward by the
mean of all representative
rewards in all projects in the
same category

Representative_
reward_price_ratio

Representing_pledge_price
/mean_Representing_pledge_price_
_per_category (continuous)

Anchoring
pricing strategy

Profit from rewards up
to 25$

The profit that is raised from
rewards whose prices are small or
equal to $25

Profit_up25 Sum (minMoney*sold) if (minMoney
< 25) (continuous)

Anchoring
pricing strategy

Number of pledges up
to 25$

Number of pledges that their
price is small or equal to $25

N Count if (minMoney < 25)
(continuous)
are overvalued when they are considered as loses and vice versa. For
example, an item costs $19.99 would be regarded as a gain comparing
with $20 (Manning and Sprott, 2009; Popescu and Yaozhong, 2007).
Another example from the hospitality sector is when customers see
a menu price with a ‘‘5’’ or ‘‘9’’ as its terminal digit, they might
subconsciously believe they receive a discount. In contrast, a price
with a final digit of ‘‘1’’ or ‘‘2’’ may be regarded as an attempt to
squeeze more money from the customer (Carmin and Norkus, 1990;
Kreul, 1982). Bhattacharya et al. (2012) used a random sample of
more than 100 million stock transactions, and found excess purchases
at all price levels one penny below round numbers. In the hotels
sector, researchers conclude that psychological pricing contributes to
the increased profitability (Dudu and Agwu, 2014; Boz et al., 2017;
Nair, 2019; Bhattacharya et al., 2012; Collins and Parsa, 2006).
5

Systematic surveys confirm that in product pricing, the digits 0, 5
and 9 are more common than the other digits and that usually the digit
9 appears particularly often (el Sehity et al., 2005). In Kickstarter, most
entrepreneurs price their rewards in round numbers in gaps of 5 or 10
(5, 10, 15, . . . ). Reward prices are integer numbers, and no fractions are
allowed. To examine the dynamics of psychological left digit effect in
crowdfunding, we will check prices ending with the digit 9, and other
digits as well, to see whether these pledges were more popular, or if a
project was more successful than others as a result of the psychological
pricing effect. We are not aware of any studies on the left digit effect
related to crowdfunding. We hypothesize the following:

H1. Rewards priced with a 9 in the right-most digit will be more
successful than others.
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Fig. 1. An example of reward tiers in Kickstarter.

4.2. QUESTION 2: Does bundle pricing strategy have a significant relation-
ship with backers demand for pledges?

Product bundle pricing is a common pricing strategy, intended
to increase profitability by bundling a set of products or services
together. These products are marketed and priced as a whole to attract
various consumers and to address wide range of needs (Rafiei et al.,
2013). Many considerations dictate the pricing of a bundle and the
goods it consists of, including segmented customer demand, product-
specific costs, company’s strategy, and competitor products (Yan and
Bandyopadhyay, 2011; Hanson and Martin, 1990; Bulut et al., 2009;
Bitran and Ferrer, 2007; Gürler et al., 2009; Taleizadeh et al., 2017).
In some cases, bundle pricing is also considered to be beneficial to
consumers (Kim et al., 2009).

Myung et al. (2008) concluded that bundle pricing is the most im-
portant pricing factor compared to other strategies that were tested to
affect consumers preferences; and Simon and Butscher (2001) demon-
strated that using such a strategy may increase profitability by 10%–
40%. There has been work showing its profitability in software sales
(Lehmann and Buxmann, 2009) and electronic commerce (Ancarani
et al., 2002; Ettl et al., 2019). Although many studies show that a bun-
dle of products has a positive effect on consumers, Kaicker et al. (1995)
claimed that consumers tend to avoid purchasing in bundles if they
encounter multiple disappointments with regards to price compared
with market prices for the individual products.
6

Mixed bundling strategy, i.e., selling products both in bundles and
separately, is considered by Venkatesh and Mahajaim (1993) as a
more profitable strategy than purely individual products or purely
bundle pricing. Chu et al. (2011) suggested that while using mixed
bundling strategy, pricing the bundles according to their size shows the
best results in term of profitability, which was also bolstered by Lee
et al. (2011), which demonstrated that when products are also sold
separately, in addition to a bundle, pricing of the separate items may
stir consumers into buying the bundle; when the additional product to
the core product in the bundle is priced high, it encourages people to
purchase the bundle.

In the crowdfunding setting, Peng et al. (2020) established that
creating two sets of reward packages that differ by their content and
size increases the chance for crowdfunding projects success. Thürridl
and Kamleitner (2016) suggest, based on a small number of projects,
that bundling products represents a core strategy entrepreneurs use
to price rewards. According to them, bundling is a good strategy
if the marginal cost of topping up a reward bundle is low for the
initiator and if there are actual additional benefits readily and easily
available. Potential drawbacks of this approach include fostering an
opportunistic mindset in supporters. We will examine the effectiveness
of bundling products in a pledge as a means of increasing sales. Thus,
we hypothesize the following:

H2. Bundling products in a single reward will increase the
reward’s demand.

4.3. QUESTION 3: Does scarcity pricing strategy significantly influence
rewards’ demand?

Researchers observe that a product’s scarcity may generate a higher
perceived value than its actual utility. By creating product scarcity —
either deliberately or unintentionally — a seller can increase overall
demand and grow their profits (Shi et al., 2020). Brock (1968), in
association with their commodity theory, argued that scarcity enhances
perceived value and desirability. According to Oruc (2015), product
scarcity significantly affects variables related to sales, such as perceived
value of the product, perceived exclusiveness and popularity, consumer
competitive behavior, impulse buying, purchase behavior and intention
and willingness to pay. However, they also point out that it may create
an opposite response of frustration among consumers.

A particular strategy to create scarcity is using ‘‘limited editions’’ —
a special version of an existing product, with some additional features
that the regular version does not have (Yang et al., 2020). Balachander
and Stock (2009) claimed that although this strategy offers a positive
direct effect on profits of the seller, it may also have a negative effect by
increasing price competition in the market. Bennett and Kottasz (2013)
investigated this strategy’s effect on price and valuation perceptions
among art consumers, and found that sales can be increased by limiting
the number of copies produced.

Yang et al. (2020) examined the above mentioned strategies in
a crowdfunding setting, specifically Kickstarter. They concluded that
setting a reward limit during the primary stages of the campaign, es-
pecially using limited-editions and discount offers, may benefit project
success. Moreover, they found that adding a new limited edition reward
as the campaign proceeds helps attract new pledges; and that exhausted
rewards (i.e., all the limited version items have been given) may cause
frustration and damage fundraising efforts.

We suggest that crowdfunding entrepreneurs may harness the effect
of limited editions and scarcity to increase pledges and to stir backers
to certain desirable pledges. This, by creating limited supply of rewards
that are expected to be the most profitable or popular items. However,
frustration over unavailability of desired rewards may create the oppo-
site effect and reduce potential pledges to the project. Also, offering
too many limited-edition rewards may create the opposite effect of
the intended exclusivity. We will examine the effectiveness of limiting
pledge as a means of increasing sales. We hypothesize the following:

H3. Limiting pledges will increase pledges’ demand.
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4.4. QUESTION 4: Does market penetration/market skimming pricing strat-
egy significantly affect crowdfunding project success?

Most crowdfunding projects consist of a brand new product or an ex-
isting product that has been modified or improved in some way. Before
launching it, the product’s cost and price are evaluated, comparing it to
direct competitors and other products within the same general product
category. Broadly, there are two widely-discussed pricing strategies
when introducing products to new markets to promote sales and to
increase profits:

Market penetration pricing This strategy intentionally charges low
prices, helping entrepreneurs to discourage competition and
take over a sizeable share of the market in order to increase
the long-term revenue (Tellis, 1986; Kehagias et al., 2009; Noble
and Gruca, 1999; Skripak, 2016; Nair, 2019).

arket skimming This pricing strategy attaches a perceived high
value to a product by maintaining high price levels at the
initial stage (Noble and Gruca, 1999; Tellis, 1986). By creating
this image of high-quality or exclusive product it increases
revenue and exploits brand loyalty (Huimin and Hernandez,
2011), helping to avoid competition in a specific quality and
price category (Kehagias et al., 2009).

Redmond (1989) suggested that market skimming and penetration
ricing differ in how many sellers are concentrated in the desired
roduct market in the initial stages, while Noble and Gruca (1999)
laim that skimming is generally used in markets with high levels
f differentiation by firms with high production costs, and penetra-
ion pricing is used in elastic markets with low competition and low
roduction costs. Dolan et al. (1996) recognize that cheaper products
ay go for penetration, while premium products will skim (though

ome differentiated between premium products that may aspire to good
rice/value ratio, and luxury products, for which high prices are a
roduct feature Hinterhuber and Liozu, 2018).

As for Kickstarter projects, Chen et al. (2019a) claimed that if
ntrepreneurs create a high-quality, high-price category, they do not
eed multiple quality and price steps for rewards. Studies on menu-
ricing in crowdfunding projects (Hu et al., 2015; Guan et al., 2020b,a)
xplored how menu pricing may offer to backers both economy and
remium prices. We will examine the effect of these strategies on
he mean/median reward price of a product category, and see its
se to increase sales and fundraising effectiveness. This is widely
tudied in other economic markets, and as we believe the products
arketed on crowdfunding platforms tend to be more unique, rather

han mass-market, we hypothesize the following:

H4. Market skimming/premium pricing strategy, expressed
hrough the use of higher rewards prices compared to other
rojects in the same category, will increase pledge demand and
roject success.

.5. QUESTION 5: Does the anchoring effect influence crowdfunding
roject success?

The anchoring effect is one of the most robust cognitive heuris-
ics (Furnham and Boo, 2011) and was initially explained by Tversky
nd Kahneman (1974). According to them, values presented early can
ias decision making when making subsequent judgments (e.g., the
sking price in an eBay auction influences what people consider paying
or it). In other words, human estimations are constructed in relation
o an anchor value to which they are adjusted. A glimpse to a higher
nchor may cause bias in the following estimations, which are expected
o be exaggeratedly higher, and vice versa (Furnham and Boo, 2011;
eovanović, 2019)
7

Some evidence for the anchoring effect from the field of online
retailing are of particular interest, since they suggested that even
random numbers presented on websites could affect consumers will-
ingness to buy. Dodonova and Khoroshilov (2004) supplied one of
the first empirical evidence that anchoring affects bidders’ behavior
and decisions in online auctions, as consumers were more likely to
purchase products when a higher reference price was present. Wu
et al. (2008) determined that the effect is valid in such settings even
when participants are not asked to make comparative valuation and
that the influence may be reinforced when an anchor is presented
multiple times. Other research found sellers have only a moderate
ability to affect bid values via the advertised reference price (Wolk
and Spann, 2008), but that anchors embedded in banner advertise-
ments of a website significantly influenced participants willingness to
pay (Wu and Cheng, 2011; Bogliacino and Cuntz, 2013). Koçaş and
Dogerlioglu-Demir (2020) have also demonstrated that completely ran-
dom numerical anchors that were used on marketing communications
had an influence on consumers’ price perceptions.

Some studies focused on applying this pricing strategy specifically
in crowdfunding projects. Burtch et al. (2013) showed the published
amount of previous donations is functioning as an anchor to the future
backers, as long as donations details were public. Therefore, they
suggested crowdfunding platforms in which default privacy settings of
users may be altered, so as to allow promotion of larger contributions
by revealing higher anchors and concealing lower donations from other
potential backers. Liu et al. (2020) added that the disclosure of backers’
donations may contribute to the campaign if the funding goal is high
and have the opposite effect if the funding goal is relatively low.

When comparing between ‘‘point offer’’ strategy (a fixed price) with
‘‘adjustable point offer’’ (a fixed price or more) and ‘‘bolstering price
offer’’ (a given price range, in which the lower end represents the
minimal price), the latter was the most likely to raise higher backing
amount (Kuo et al., 2020; Wu et al., 2008). Simons et al. (2017)
claimed backers tend to choose the middle pricing category of the
whole pricing range of a given project. However, they also indicated
that too many pricing categories may confuse the backers and prevent
them from finding the middle option. They also demonstrated how for
the same project, changing the low and high pricing anchors managed
to affect the number of pledges, since people tended to choose the
middle pricing category.

Thus, we hypothesize that seeing a larger goal number will either
make people go for a higher value reward, or will make them feel that
a small pledge is ‘‘smaller’’, thus making it seem to be not a bid deal
to pledge. We hypothesize the following:

H5. Anchoring pricing strategy, expressed through the use of
high fundraising goal price (the main number shown when seeing
a Kickstarter project), will increase backers’ donations.

5. Methodology & analysis

We analyzed two sets of interrelated data: one with roughly 180,000
projects, and the other with over a million rewards (from those same
projects). Since we have multiple rewards for one project, for the anal-
ysis of reward’s data set, we used a Generalized Linear Mixed Model
(GLMM) which is commonly used when repeated measurements are
available for the same observational units or measurements (Breslow
and Clayton, 1993). Random effects are used to capture underlying
hidden effects among repeated observations for each individual mea-
surement unit (here, rewards from the same project). The dependent
variable is how many pledges were sold, therefore we use a log link
function from the Poisson family to represent these effects. For the data
analysis of the projects, we employ a General Linear Model (GLM). In
cases where the dependent variable will be whether the project was
successful or not we use the binomial family.

In analyzing the reward set, the variable that will be explained is,

for each reward, the number of rewards sold. However, when we look
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Fig. 2. For each digit, how many rewards were there with that digit as the value’s last digit (i.e., least significant digit).
at the set of projects, the explained variable will be the total number of
rewards sold in the project, and another variable will be ‘‘succeeded’’
— did the project reach its funding goal or not.

In analyzing some of the strategies, we will use a representing
pledge for each project, i.e., the pledge which sold the most. Using
the representing pledge also helps to reduce the noise of very low-
value/high-value pledges, when they do not represent well enough the
value of the project’s sold rewards.

5.1. Analysis

We will show the analysis for each of our questions and hypotheses.

5.1.1. Q1: Psychological pricing strategy
As noted above, psychological pricing strategy targets human psy-

chology to boost sales, mainly by choosing prices with particular final
digits that make people perceive the price as low (e.g., 49 instead
of 50). In order to better understand how this strategy works in
Kickstarter, we examined the preponderance of the last digits (see
distribution in Fig. 2).

Unsurprisingly, Fig. 2 shows that a vast majority of rewards were
priced with ‘‘round’’ numbers — ending with 0 and 5. However, exam-
ining the profitability of the last digit choice (Fig. 3), we can see that
the last digit 9 sells better than the rest of the options, and this is even
more significant in successful projects.

To test the H1 hypothesis, we estimated a Poisson GLMM regression
model (Poisson generalized linear mixed model), with fixed effects of
pledge pricing’s last digit (between zero and nine) and random effects
for the project identifier, with the number of rewards sold being the
explained variable. The results of model estimation are presented in
Table 4.

The results of model estimation confirmed that all last digits had
significant fixed effect on number of sold pledges (𝑝 < 2𝑒−16). The
positive coefficient for the 9 digit (estimate = 1.118) suggests that the
differences are in the hypothesized direction (higher sales in pledges
which the last digit was 9). As can be seen from the table, the highest
coefficient was awarded to the digit 9 when compared to the base
group (the digit 0). Therefore, H1 is supported. In addition, the results
confirmed that the digit 4 also has high coefficient compared to the
rest of the last digits. This may indicate that backers may recognize
the number 4 as a discount relative to the number 5 which is, as seen
above, also very common on Kickstarter. The GLMM results confirm
the observations from the graphs, that as Kickstarter has two common
8

Table 4
Results of Poisson generalized linear mixed model regression with psychological pricing
strategy. N = 1 476 827; The DV was number of rewards sold; Baseline conditions for
IVs were pledge pricing’s last digit zero; two tailed p values are reported; Random
effects: Groups Name projId (Intercept). Variance 3.723.

Model term Estimate Std. error Sig.

(Intercept) 0.5555574 0.0047331 <2𝑒−16 ***
1 0.1265782 0.0014054 <2𝑒−16 ***
2 0.7221561 0.0014867 <2𝑒−16 ***
3 0.8059878 0.0019322 <2𝑒−16 ***
4 1.0222269 0.0015446 <2𝑒−16 ***
5 0.6859048 0.0005668 <2𝑒−16 ***
6 0.7648929 0.0017584 <2𝑒−16 ***
7 0.8966342 0.0017756 <2𝑒−16 ***
8 0.7843684 0.0014125 <2𝑒−16 ***
9 1.1180771 0.0010122 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

digits, 0 and 5, pricing with digits 9 and 4 (respectively), can be
perceived as discounts of one price unit, and such priced items are the
ones that add the highest marginal addition to sales.

To further examine this pricing strategy, we define for each project
a representative reward — its best selling one (as stated above, this
helps neutralize the noise caused by irrelevant rewards). We tested the
sold feature (how many were sold) in projects with a representative
reward from the following groups: pledges with prices of $49 vs. $50,
$99 vs. $100, and $24 vs. $25 (the last one is the most popular pledge
on Kickstarter, according to Kickstarter’s website). As can be seen in
Table 5, for all groups, the representative reward priced one dollar less
had a higher sale average.

5.1.2. Q2: Bundle pricing strategy
Bundle pricing strategy involves offering (or combining) two or

more complementary products or services at a single price. Kickstarter
pledges can include a number of products (see Fig. 4), which we use
to analyze this strategy.5 A histogram of the number of items in each
bundle can be seen in Fig. 5, while Fig. 6 shows how the size of the
bundle relates to the number of bundles sold.

5 Some projects do not include a reward number for all rewards, and so
we assume that rewards of gratitude (e.g., a ‘‘thank you’’ note), and empty
‘‘IncludedAmount’’ field have a single item.
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Table 5
Comparing how many rewards were sold for projects whose most sold pledge was $24
vs. $25; $49 vs. $50; and $99 vs. $100.

Model term 49 VS. 50 99 VS. 100 24 VS. 25

49 50 99 100 24 25

vars 49.00 50.00 99.00 100.00 24.00 25.00
n 586.00 13 943.00 743.00 9991.00 551.00 33 102.00
mean 226.75 29.56 370.75 19.92 131.03 36.87
sd 568.62 339.04 1946.23 398.86 420.36 219.89
median 45.50 6.00 49.00 4.00 29.00 11.00
trimmed 96.83 9.05 100.55 6.78 53.48 16.14
mad 63.01 7.41 68.19 5.93 35.58 14.82
min 0.00 0.00 0.00 0.00 0.00 0.00
max 5675.00 24 512.00 46 124.00 37 555.00 6200.00 20 159.00
range 5675.00 24 512.00 46 124.00 37 555.00 6200.00 20 159.00
skew 5.39 56.21 18.24 85.77 8.90 53.66
kurtosis 36.25 3710.86 410.95 7908.76 100.63 4130.67
se 23.48 2.87 71.40 3.99 17.90 1.20

able 6
arameter estimates, results of Poisson generalized linear mixed model regression with
undle pricing strategy. N = 1 476 827; The DV was number of rewards sold; Baseline
onditions for IVs were pledges that contained less than two products included in
he price; two tailed p values are reported; Random effects: Groups Name projId
Intercept).Variance 3.944.
Model term Estimate Std. error Sig.

(Intercept) 0.865069 0.004855 <2𝑒−16 ***
included2 0.233239 0.001343 <2𝑒−16 ***
included3 0.221265 0.001441 <2𝑒−16 ***
included4 0.034389 0.001652 <2𝑒−16 ***
included5 −0.636232 0.001489 <2𝑒−16 ***

**𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

To test the H2 hypothesis, we estimated a logistic regression model
Poisson generalized linear mixed model), with fixed effects of number
f products included in the pledge price (The majority of projects
nclude fewer than five products in their rewards, as can be seen in
ig. 5, so we decided to bucket together the rewards with 5 products
nd above) and random effects for the project identifier. The number
f rewards sold was the explained variable, and the results are shown
n Table 6.

The results of the model estimation confirm that the product’s
roup — determined by the number of rewards in the bundle — has
significant fixed effect on number of sold pledges (𝑝 < 2𝑒−16). The

ighest positive coefficient (estimate = 0.233) was awarded to pledges
9

c

that contain 2 items compared to the base group (pledges with a
single item). The positive coefficient for 2–4 items suggests that the
differences were in the hypothesized direction (higher sales in pledges
which contain 2–4 items). Therefore, H2 is supported. By contrast, the
group of 5 and above had a significant negative effect on number of
rewards sold, leading to the conclusion that H2 is not supported for
5 rewards or more. Moreover, a decaying effect can be seen, as with
every additional product up to 5 items, the number of units sold from
that pledge increases, but the increase is smaller. A possible explanation
for this is that the amount of money required for such a bundle begins
to be too expensive for many potential backers, leading them to avoid
such high-priced bundles (even if their value — payment per item —
is still high).

5.1.3. Q3: Scarcity pricing strategy
Scarcity pricing strategy involves offering a limited number of re-

wards. In Kickstarter, an entrepreneur can create a limited run of an
item (i.e., set a maximum number of rewards of a particular type), or
simply offer early bird backers a reward, which becomes unavailable
once the overall pledge reaches the maximum limit. Other backers are
still able to see the reward, but they are not able to select it. We will use
the ‘‘limited’’ feature to describe such pledges. Each pledge has three
possible values: max — a limited reward that reached its maximum
sales; yes — a limited reward that did not reach its maximum; and no
— a reward that was not limited. For each project, we define a new
feature, limited percent, which describes the number of limited pledges
divided by the total number of pledges in a project ( 𝑚𝑎𝑥+𝑦𝑒𝑠

𝑚𝑎𝑥+𝑦𝑒𝑠+𝑛𝑜 ), and a
istogram of the rewards can be seen in Fig. 7.

The H3 hypothesis was tested by estimating a logistic regression
odel (Binomial generalized linear model) with fixed effects of pledge’s

imited reward percent. The explained variable was the project’s success
Table 7). We also fit a Poisson GLM model when the explanatory
ariable is, as before, percent of limited reward, while the explained
ariable is the number of rewards sold (Table 8).

The results confirmed that having a limited feature has a significant
ixed effect on number of sold pledges (𝑝 < 2𝑒−16). As can be seen
rom the tables, a positive coefficient was found for the percentage of
imited rewards in both of our statistical tests. This means that limiting
ore rewards will increase sales or the chance of success. Therefore,

t is important to ask if this means projects should limit all rewards,
nd what is the maximum number of limited rewards an entrepreneur
hould allow in their project. Attempting to answer this question, we
reated a density graph which illustrates the percentage of limited
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Fig. 4. Kickstarter bundle example.

Table 7
Parameter estimates, results of logistic regression with scarcity pricing strategy. Notes.
N = 183942; The DV was project success (‘0’ failed,‘1’ succeeded); Baseline conditions
for IVs was non-limited pledges; two tailed p values are reported.

Model term Estimate Std. error Sig.

(Intercept) 0.011138 0.006373 0.0805
Limited percent 0.482732 0.014486 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

rewards for successful and unsuccessful projects (Fig. 8). Our graph
illustrates the differences between successful and unsuccessful projects,
and shows that projects whose share of limited rewards is between 0
and 0.1, as well as those with a share of above 0.9, are more likely to
arise from the distribution of unsuccessful projects. Conversely, projects
that limit rewards between 0.1 to 0.9 are more likely to be successful.
As can also be seen from the graph, as the limited percent increases,
10
Table 8
Parameter estimates, results of Poisson regression with scarcity pricing strategy. Notes.
N = 183942; The DV was the number of rewards sold; Baseline conditions for IVs was
non-limited pledges; two tailed p values are reported.

Model term Estimate Std. error Sig.

(Intercept) 4.4957876 0.0003189 <2𝑒−16 ***
Limited percent 0.9716073 0.0005808 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

Table 9
Parameter estimates, results of Poisson generalized linear mixed model regression with
scarcity pricing strategy. Notes. N = 1 476 827; The DV was number of rewards sold;
Baseline conditions for IVs was non-limited group of pledges; two tailed p values are
reported; Random effects: Groups Name projId (Intercept) Variance 4.04 Std.Dev.2.01.

Model term Estimate Std. error Sig.

(Intercept) 1.0429513 0.0049120 <2𝑒−16 ***
Limited Yes −0.7057771 0.0006528 <2𝑒−16 ***
Limited Max −0.5798167 0.0007184 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

Table 10
Parameter estimates, results of Poisson generalized linear mixed model regression with
scarcity pricing strategy. Notes. N = 1 476 827; The DV was number of rewards sold;
Baseline conditions for IVs was pledges that were not before (above in the page) a
limited reward ; two tailed p values are reported; Random effects: Groups Name projId
(Intercept) Variance 3.975 Std.Dev.1.994.

Model term Estimate Std. error Sig.

(Intercept) 0.871905 0.004872 <2𝑒−16 ***
Before limited −0.614867 0.000887 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

Table 11
Parameter estimates, results of Poisson generalized linear mixed model regression with
scarcity pricing strategy. Notes. N = 1 476 827; The DV was number of rewards sold;
Baseline conditions for IVs was pledges that were not after (below in the page) a
limited reward ; two tailed p values are reported; Random effects: Groups Name projId
(Intercept) Variance 4.002 Std.Dev.2.005.

Model term Estimate Std. error Sig.

(Intercept) 0.8815857 0.0048991 <2𝑒−16 ***
After limited −0.6225483 0.0007361 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

the gap between successful and unsuccessful projects is smaller. This
indicates that it is beneficial to limit some of the rewards in the project,
but not all of them, and probably not a very large percentage of them.

For a better understanding of limited rewards, we examined the
results for each group (max, yes, no) in the rewards’ data set. We
applied a Poisson GLMM with fixed effects of pledge’s limited group
and random effects for the project identifier. The number of rewards
sold was the explained variable (Table 9). The results confirmed that
all groups had significant fixed effect on number of sold pledges (𝑝 <
2𝑒−16). The table shows that ‘‘yes’’ and ‘‘max’’ had a negative effect
compared to the base group (‘‘no’’) on the number of rewards sold. The
reason may be that when checking sales, there is a trade-off between
the ability to sell and the limit on sales.

Our next objective was to examine the behavior that occurs in an
environment of limited rewards, specifically whether rewards above
and below the limited rewards will be more or less successfully sold. We
applied a Poisson GLMM with fixed effects of pledges before or above a
limited reward and random effects for the project identifier (Tables 10,
11).

This confirmed that rewards located near a limited reward had a
significant fixed effect on the number of sold pledges (𝑝 < 2𝑒−16). As
can be seen from the tables, a negative coefficient was found for those
rewards in both of our statistical tests. Thus, rewards near a limited
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Fig. 5. How many items were included in each reward (a reward with more than one item is a bundle).
Fig. 6. How many rewards were sold, depending on the size of the bundle (i.e., how many items did the reward contain) (box shows 25%–75% interval).
reward sell less. This is surprising since we expected that if a reward
was no longer available, people would be willing to move to adjacent
rewards which are available. But it seems backers move to a completely
different reward price (or give up).

5.1.4. Q4: Premium and penetration pricing strategy
Premium pricing (or skimming pricing) occurs when companies

price their products high to convey the message that their products are
high-value, luxurious, or premium. In contrast, penetration pricing (or
economy pricing) involves charging very low prices for new products
in order to increase sales quickly. Similarly, before launching a product
on Kickstarter, the competition and other products prices in the same
category matter to a project’s success. For each project, we added a
new feature, representative reward price ratio, that divides the price of
the representative reward by the mean of all representative rewards in
all projects of the same category. We use this value to understand if a
reward is priced very high or low compared to others in the category.
Using the category allows us to understand what is the reward value
that people backing projects in a particular category expect. Of course,
11
Table 12
Parameter estimates, results of logistic regression with the entry of a new product on
Kickstarter pricing strategy. Notes. N = 183942; The DV was succeeded; The IVs was
representative reward price ratio; two tailed p values are reported;.

Model term Estimate Std. error Sig.

(Intercept) 0.1653262 0.0047499 <2𝑒−16 ***
Representative reward price ratio −0.0009467 −10.35 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

there is still a level of variance within each category, and sometimes
one can have very small and very large projects in the same category.

The H4 hypothesis was tested by estimating a logistic regression
model (Binomial generalized linear model) with fixed effects of repre-
sentative reward price ratio. The explained variable was ‘‘succeeded’’,
and results are presented in Table 12. We also fit a Poisson GLM model
when the explanatory variable is the same, but the explained variable
is the number of rewards sold (Table 13).

The results show the representative reward price ratio feature has
a significant fixed effect on number of sold pledges and project success
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Fig. 7. How many rewards in our dataset were without any scarcity (i.e., no limit on the number of backers getting that reward), had scarcity, but it was not constrained (i.e., there
was a limit on the number of backers, but it was not reached — the number of backers getting that reward did not reach the limit), or had scarcity and it was constrained (i.e., all
of that reward sold and it could no longer be purchased).
Fig. 8. Density of percent of successful/unsuccessful projects with each particular limited pledge percent value.
Table 13
Parameter estimates, results of generalized Poisson model regression with the entry of
a new product on Kickstarter pricing strategy. Notes. N = 183942; The DV was total
sold rewards; The IVs was representative reward price ratio; two tailed p values are
reported.

Model term Estimate Std. error Sig.

(Intercept) 4.8483777 0.0002100 <2𝑒−16 ***
Representative reward price ratio −0.0044302 0.0000451 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

(𝑝 < 2𝑒−16). As can be seen from the tables, a negative coefficient
was found for the representative reward price ratio in both of our
statistical tests. This implies that choosing a higher price reward than
the reward prices in the category will decrease sales or the chance of
success. However, as the coefficient is small, this reduction is not quite
definite. To help clarify it, we created a density graph which illustrates
the representative reward price ratio for successful and unsuccessful
projects in Fig. 9.

The density graph shows that unsuccessful projects are more likely
to have reward prices less than 0.3 of the average market price, and
12
that successful projects have rewards prices above this level. As can
also be seen from the graph, as the ratio increases, the gap between
successful and unsuccessful is reduced, making it harder to predict
whether the project will succeed or not. In particular, it seems hard to
predict if projects with reward prices higher than the category’s mean
will succeed. This implies that a new Kickstarter project might be better
off with lower reward prices than those common in the same category,
but not too low. This runs counter to our initial hypothesis.

There appears to be a relationship between the reward price and
the goal price. Therefore, we examined a model that incorporates the
interaction between the goal price and the representative reward price
ratio. We estimate a logistic regression model (Binomial generalized
linear model) with fixed effects of representative reward price ratio,
goal, and their interaction. The explained variable was ‘‘succeeded’’,
and results are presented in Table 14.

Based on the results of the regression, it can be seen that as the
ratio grew, the chance for the project’s success decreased. When looking
at its interaction with the goal variable, it can be seen that the effect
is reversed: the more both variables grew, the greater the chance
of success. It seems the relationship between the goal price and the
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Fig. 9. Density of representative reward price ratio by successful and unsuccessful projects. Skewed distributions with right long tail as there are one or more outliers away from
the majority of the data.
Table 14
Parameter estimates, results of logistic regression with the entry of a new product on
Kickstarter pricing strategy. Notes. N = 183942; The DV was total sold rewards; The IVs
was goal, representative reward price ratio and interaction between them; two tailed
p values are reported.

Model term Estimate Std. error Sig.

(Intercept) 2.766e−01 5.190e−03 <2𝑒−16 ***
Representative reward price ratio −4.361e−03 8.050e−04 6.05e−08 ***
goal −5.997e−06 1.330e−07 <2𝑒−16 ∗∗∗
Representative reward price ratio:goal 6.368e−09 1.480e−10 <2𝑒−16 ∗∗∗

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

representative reward price ratio is crucial for setting prices relative to
the accepted prices in the category.

5.1.5. Q5: Anchoring pricing strategy
Anchoring pricing strategy refers to the tendency to make decisions

based primarily on the first piece of information presented. On Kick-
starter, the goal price normally appears in the first part of the page,
followed by the rewards, ordered by price. The best-selling reward on
Kickstarter is $25. Thus, we created a new variable: the profit that is
raised from rewards whose prices are small or equal to $25.6

The H5 hypothesis was tested by estimating linear regression model
with fixed effects of goal and the number of rewards up to $25.
The explained variable was reward profit up to $25, and results are
presented in Table 15.

The results show that goal and number of rewards up to $25 have a
significant fixed effect on profit from rewards up to $25 (𝑝 < 2𝑒−16). As
can be seen from the table, a positive coefficient was found for both
independent variables. Profits tended to increase with a higher goal
price, though it is difficult to deduce this using the model since the
coefficients are very small. When we added the interaction variable in
Table 16, the goal became negative, and its interaction with the number
of rewards became positive. Based on these results, it is likely there is

6 Technically, Kickstarter allows you to buy a low-priced reward and give
more money for it. While this might somewhat skew our results, this is, as far
as we know, not a common behavior observed on the platform.
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Table 15
Parameter estimates, results of generalized linear model regression with the entry of
a new product on Kickstarter pricing strategy. Notes. N = 183942; The DV was profit
from rewards up to $25; The IVs was goal and number of pledge up to $25; two tailed
p values are reported.

Model term Estimate Std. error Sig.

(Intercept) 3.092e+02 2.767e+01 <2𝑒−16 ***
Goal 3.629e−05 1.564e−05 0.0204 *
N 1.966e+02 8.009e+00 <2𝑒−16 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

Table 16
Parameter estimates, results of generalized linear model regression with the entry of
a new product on Kickstarter pricing strategy. Notes. N = 183942; The DV was profit
from rewards up to $25; The IVs was goal and number of pledge up to $25 and the
interaction between them; two tailed p values are reported.

Model term Estimate Std. error Sig.

(Intercept) 3.147e+02 2.768e+01 < 2𝑒−16 ∗∗∗
Goal −9.500e−05 2.962e−05 0.00134 **
N 1.939e+02 8.026e+00 < 2𝑒−16 ∗∗∗
Goal:N 9.777e−05 1.873e−05 1.79e−07 ***

***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05.

an interaction between number of rewards and goal, in that the higher
the goal, the more rewards will be needed to increase the profit from
rewards that their price is up to a cost of $25.

6. Summary and discussion

Our results are summarized in Table 17. Broadly speaking, we have
shown that:

• Projects succeed more if they price rewards with 9 or 4 as their
last digit (probably due to a perception that these are lower
prices).

• Bundling products together makes sense for few products (not
more than 4).

• Having a significant number of limited quantity rewards is prof-
itable, but they should not be too many out of the whole rewards.
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Table 17
Summary table.

Hypotheses DV IV Results

H1. Pricing pledges with 9 left digit
effect will increase their demand.

Number of rewards
sold

Pledge pricing’s last digit H1 was supported, the differences were in the
hypothesized direction: higher sales in pledges which
the last digit was 9. The digit 4 had also high
coefficient compared to the rest of the last digits.

H2. Bundle products in a pledge will
increase pledges demand.

Number of rewards
sold

Number of products in a pledge H2 was supported, the differences were in the
hypothesized direction: higher sales in pledges which
contain 2–4 products. H2 was not supported for more
than 4 products.

H3. Limiting pledges will increase
pledges demand.

Succeeded/number
of rewards sold

Limited percent H3 was supported, the differences were in the
hypothesized direction: higher sales or higher chances
of success will come from limiting more rewards.
However, not all rewards should be limited

Number of rewards
sold

Limited_group Unlimited pledges sell better, there is a trade-off
between the ability to sell and the limit on sales.

Number of rewards
sold

Pledges below or above a limited
reward

Rewards in a limited reward environment resulted in
lower sales.

H4. Market skimming/premium pricing
strategy, expressed through the use of
higher rewards prices with respect to
project category, will increase pledge
demand and project success.

Succeeded/number
of rewards sold

Representative reward price ratio H4 was not supported, the result obtained is in the
opposite direction of our initial hypothesis: sales or
success chances increase if the reward price is lower
than the reward price in the category, meaning that
penetration pricing is often better.

Succeeded Interaction between the goal
price and the representative
reward price ratio

Setting prices according to the accepted prices in a
category depends critically on the interaction between
the goal price and the representative reward price
ratio.

H5. Anchoring pricing strategy,
expressed through the use of high
fundraising goal price will increase
backers; donations.

Reward profit up to
$25

Goal and the number of rewards
up to $25.

H5 was supported, the differences were in the
hypothesized direction: profits tend to increase with a
higher goal price seen.

Reward profit up to
$25

Interaction between the goal
price and the number of rewards
up to $25

When the goal is higher, more rewards will be needed
to increase the profit from rewards, which have a cost
of $25 or less.
• Pricing for luxury does not usually work, it is better to price one’s
products slightly less than the category as a whole (but not too
low).

• A higher goal price increases the number of rewards sold from
those close (on the webpage) to the goal price itself. However,
the increase in number of sales does not necessarily compensate
for additional money that is needed.

.1. Limitations

Like any research, this study has several limitations. First, data was
xtracted after campaigns were completed. A campaign page can be
pdated during the live period (and even following it). As a result, the
ctual launch values may differ from those we assumed in this study.
or example, pledges can be added at any stage of the project, so it is
ifficult to determine whether a project that receives more pledges will
e more successful or whether an entrepreneur will increase pledges to
ncrease revenue as the project succeeds. It is our understanding that
eward structure does not change very often, thus, despite this issue,
ur results are still meaningful.

Second, pricing strategies can be structured and arranged in many
lternative ways, leading to different models and hypotheses, which
an lead to different outcomes. There can be disputes about some
f the assumptions in the study, for example, as noted above, the
umber of items in bundles may be only half of the story, because the
rice of the bundle may play an important role. While the identified
esults may be correct in small bundles, the difference in demand for
arge bundles may be related to the overall price of the bundle rather
han the number of components they have. Similarly, the definition of
remium/skimming price based on a category-wide reference reward
alue may be causing some relatively-cheap rewards to seem pricey
since it is part of a very pricy project), and vice versa.
14
Finally, our empirical analysis makes use of the data we were able
to scrape. Of course, many aspects of crowdfunding success are not
directly correlated with these attributes. Subjective factors such as
creativeness, innovation, pitch and media quality can greatly affect
success rates, and are beyond the scope of this research.

6.2. Discussion

This research is the first, to our knowledge, to combine an extensive
dataset of Kickstarter projects with multiple pricing hypotheses. Gen-
erally, we show that pricing strategies that tend to work in ‘‘regular’’
markets seem to maintain their power in crowdfunding markets as
well. On the one hand, this is not very surprising — there is no
reason marketers’ techniques to grab people’s attention will cease to
work. On the other hand, the very different market behavior, in which
participants often perceive themselves as entrepreneurs and investors in
novelty items, might have ended up with different patterns of behavior.

In light of psychological pricing, our results are consistent with
other studies that conclude that psychological pricing increases prof-
itability (Dudu and Agwu, 2014; Boz et al., 2017; Nair, 2019; Bhat-
tacharya et al., 2012; Collins and Parsa, 2006). As for bundling prod-
ucts, Thürridl and Kamleitner (2016) conclude that bundles have an
effect on sales but are specifically a good strategy if the marginal cost
of creating a reward bundle is low for the initiator and if there are
actual additional benefits readily and easily available. We conclude
that bundles encourage consumption if the bundle consists of a few
products (not more than 4). Similarly, in the real-world, Nair (2019)
found that customers will be more pleased from bundling since they
can benefit from all optional products at a much lower cost than buying
those services individually.

Regarding scarcity, our findings suggest that not all rewards should
be limited, and there is probably an optimal range that drives success.

This provides empirical support to Yang et al. (2020) conclusions that
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setting reward limits at the beginning of a campaign is beneficial. The
number of limited reward tiers has an inverted U-shaped relationship
with campaign performance, suggesting that having a moderate num-
ber of limited rewards is optimal. We add an unexpected finding that
rewards near limited rewards sell less, and are not benefiting from
the limited rewards being maxed out. This finding adds nuance to
the understanding of how backers perceive scarcity effects, and will
hopefully encourage further research into the psychology of backers in
crowdfunding scenarios. With regard to penetration pricing strategy,
according to Sewaid et al. (2021) and Chen and Liu (2023), setting
a low crowdfunding price when committing to a high retail price
enhances campaign performance. Similarly, in the real world, Nair
(2019) highlights that penetration pricing is preferable as it can be
advantageous in the long run due to the value customers associate with
experiencing services. This aligns with our findings of pricing slightly
below the category average, as it may also emphasizes creating value
for customers. In light of anchoring pricing strategy, studies like Burtch
et al. (2013) and Liu et al. (2020) suggest that disclosing donation
amounts can influence backer’s behavior, serving as an anchor for
future backers. They encourage promotion of larger contributions by
revealing higher anchors and concealing lower donations from other
potential backers. Our findings also seem to relate to this concept,
where a higher goal price might make people feel that giving a small
contribution is not a big deal.

Overall, our research findings provide valuable insights into the
implementation of pricing strategies in crowdfunding campaigns. We
add a layer of practicality to the marketing concept of known pricing
techniques used for consumers by examining its effects in a crowdfund-
ing context. In addition our research can offer valuable and creative
insights to upcoming entrepreneurs and project leaders as they look
for ideas to create rewards.

A promising avenue for future research would involve exploring
campaign design strategies alongside the decision-making patterns of
individual backers using backer subjective information to validate per-
ceptions and decision mechanisms related to pricing strategies. It would
try to see if different types of users (e.g., those identified by Ryu and
Kim (2016)), react differently to these strategies. In addition, trying to
suss-out different components of the bundling and the anchoring effects
has a promising direction.

An additional intriguing future direction is trying to find novel pric-
ing/reward patterns that do not exist in physical, real-world markets,
but only in crowdfunding projects, particularly on online platforms.
Moreover, potential platform differences (e.g., some platforms allow for
fundraising) may have different patterns, enriching our understanding
of how people adopt different pricing heuristics.
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