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Abstract
Reputation systems are essential for creating trust and reducing information asym-
metries in online markets. However, they are vulnerable to biases that distort in-
formation, erode trust and potentially cause market failure. This paper surveys the 
empirical literature on five key sources of bias: (i) strategic actions of sellers such 
as fake reviews and rebate-for-review programs, (ii) reciprocity, (iii) social influ-
ence bias, (iv) selection bias and (v) noise. It analyzes the biases through a uni-
fied framework decomposing errors into three distinct signatures: systematic mean 
shifts, variance inflation and serial correlation. A central finding is that platform 
design involves trade-offs: interventions targeting one error signature often exac-
erbate other distortions. By illustrating how biases interact, this paper provides a 
diagnostic roadmap for platform operators, regulators and policymakers to match 
interventions to the specific error signatures while compensating for secondary ef-
fects, ultimately enabling reputation systems to maintain trust, reduce information 
asymmetries and enable efficient online markets.
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1  Introduction

As digital commercial activity expands across all areas of the economy, the number 
of online transactions between strangers continues to grow. Most major online plat-
forms rely on reputation systems to facilitate transactions by reducing information 
asymmetries, such as adverse selection and moral hazard, which can otherwise lead 
to market failure [1, 2]. The classic example of the effects of information asymme-
tries is the market for “lemons” described by Akerlof [1]. Depending on their design, 
reputation systems make available information either about a seller’s underlying 
type, such as trustworthiness or inherent product quality, or about effort and perfor-
mance in previous transactions, aiming to reduce problems of adverse selection and 
moral hazard. Without reputation systems, buyers in online markets would have no 
reliable indication of a seller’s trustworthiness or willingness to exert effort before 
completing a transaction. If distrust dominates, buyers may refrain from transacting 
altogether, causing the market to fail. Well-designed reputation systems therefore pro-
vide buyers with reliable information about past performance with other transaction 
partners. This enables them to make better decisions about products and transaction 
partners and enter transactions, thereby preventing market failure [2–4]. However, if 
the information a reputation system contains is systematically distorted and does not 
correlate with the seller’s type or effort, reputation is biased.

To design reputation systems that enable efficient market outcomes, platform 
operators, regulators and policymakers need to understand not only that biases exist, 
but also how they distort reputation information. Although many academic studies 
examine individual biases, the literature remains fragmented across contexts and 
disciplines. Different strands of research analyze fake reviews in e-commerce and 
hospitality platforms, reciprocity in two-sided reputation systems such as those of 
eBay or Airbnb, social influence bias in product and hospitality review platforms and 
selection bias in online retail and service markets. Existing surveys typically focus 
on a narrow subset of biases, for example, surveys on fake reviews and their ante-
cedents and consequences [5, 6], or reviews of computational detection methods for 
fake reviews [7, 8]. Other contributions discuss biases primarily as part of broader 
analyses of platform design, market outcomes or technological applications, rather 
than as a central aspect of synthesis [2, 9–13]. While useful, this approach often leads 
to fragmented insights, as it obscures the fact that distinct sources of bias can pro-
duce identical distortions, while similar mitigation strategies can have heterogeneous 
effects depending on the error signature and platform design.

This paper offers a unified, analytical framework that categorizes biases by their 
error signature and how they affect the reputation signal. Observed reputation r̂it is 
modeled as the sum of objective true reputation ri and an error term εit. Within this 
framework, biases are not merely listed, but analyzed based on which moment of the 
error term they distort: (i) a shift in the expected value E[εit] (systematic bias), (ii) an 
inflation of the variance Var[εit] (noise) or (iii) the introduction of serial correlation 
Cov(εit, εis) ̸= 0 for some t ̸= s (social influence). This decomposition of the error 
term provides three critical insights that go beyond existing organizational frame-
works. First, it reveals that different biases require fundamentally different design 
interventions. For instance, increasing review volume mitigates variance-driven 



1 3

Biases in online reputation systems: a survey of the empirical literature

noise but may increase mean-shift biases such as fake reviews or selection bias. Sec-
ond, it highlights trade-offs, as interventions that reduce one type of distortion (e.g., 
strict verification of reviewers to reduce fake reviews) can increase another (e.g., 
selection bias or variance due to reduced sample size). Third, it allows for the deriva-
tion of propositions about how biases interact, moving the literature from descrip-
tive cataloging to analytical prediction. These propositions guide the synthesis of the 
empirical literature, enabling the evaluation of not only if a bias exists, but how it 
interacts with other distortions.

The objective of this paper is to synthesize the empirical literature from this per-
spective. This paper examines five major sources of bias: (i) strategic actions of sell-
ers, including fake reviews and rebate-for-review programs, (ii) strategic actions of 
reviewers, such as reciprocal reviewing, (iii) social influence, where reviewers adjust 
ratings based on existing reviews, (iv) selection bias, arising from the non-represen-
tative subset of buyers who post reviews and (v) noise. Each source of bias is ana-
lyzed, including how it distorts reputation, under which conditions it arises and what 
the resulting design implications are. Unlike previous work that treats these biases in 
isolation, this paper also considers how they interact within a reputation system and 
how platform design choices determine the net effect on market efficiency. The extent 
of coverage for each bias reflects the relative volume and diversity of the available 
empirical literature rather than a difference in analytical depth. The literature on fake 
reviews is substantially larger and more heterogeneous than that on rebate-for-review 
programs, reciprocity, social influence, selection bias or noise. This is driven by rapid 
platform evolution, technological advancements such as the emergence of generative 
artificial intelligence, and high regulatory urgency. Consequently, a comprehensive 
synthesis of this stream results in a more extensive discussion to capture the full 
range of mechanisms and evidence, whereas the literatures on other biases are gener-
ally more mature and consolidated.

This paper does not aim to produce an exhaustive systematic review of all pub-
lications on online reviews, but rather to synthesize the main empirical findings 
that explain how different types of bias arise, affect reputation and respond to plat-
form design. Consequently, while the rapidly expanding literature on computational 
detection methods, machine learning and artificial intelligence-based moderation is 
acknowledged, purely technical studies are outside the primary scope unless they 
provide direct insights into behavioral or economic mechanisms. Likewise, broader 
work on deceptive advertising is discussed only when it directly affects reputation 
systems. Instead, this paper seeks to cover the main empirical findings that shape 
current understanding of how biases in reputation systems arise, interact and respond 
to platform design.

The literature surveyed in this paper was identified using a structured, problem-ori-
ented approach designed to synthesize empirical findings across disciplines. Starting 
from foundational contributions on reputation systems and online reviews, backward 
and forward citation tracking identified major empirical research streams on fake 
reviews, rebate-for-review programs, reciprocity, social influence bias, selection bias 
and noise. This was complemented by targeted keyword searches in Google Scholar 
and Scopus. Studies were selected based on three criteria: (i) they provide empirical 
evidence (field data, experiments or surveys) on the generation, manipulation or inter-
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pretation of reviews, (ii) they relate directly to at least one of the biases and (iii) they 
offer insights into the economic or behavioral mechanisms at play. While the survey 
emphasizes work published from 2015 onward to capture recent platform dynamics, 
studies prior to this date were included when they provide foundational evidence or 
when more recent research on a given bias is limited. This review employs a struc-
tured analytical framework: every included study was evaluated against a consis-
tent set of questions regarding causes, consequences and mitigation. This approach 
ensures comparability across diverse literature streams while maintaining a focus on 
mechanisms relevant to platform design. Further details on the search strategy, inclu-
sion logic and classification procedure are provided in Appendix A.

The remainder of this paper is organized as follows. Section 2 outlines the func-
tioning and role of reputation systems, introduces the conceptual framework and 
derives four key propositions. Section 3 reviews the empirical evidence on the biases, 
including causes, effects and mitigation strategies. Section 4 provides a structural 
synthesis of biases in reputation systems and Sect. 5 provides a summary of findings, 
practical recommendations and an outlook for future research.

2  Reputation in online markets

Reputation systems exist in many institutional and technological forms. They are 
used in e-commerce marketplaces (e.g., Amazon or eBay), peer-to-peer service plat-
forms (e.g., Airbnb or Uber) and content or review platforms (e.g., Yelp or Tripadvi-
sor). Their contexts differ in important dimensions, including what is being evaluated 
(products, sellers or services), how transactions are mediated and what incentives 
users have to leave a review. For example, peer-to-peer services often involve per-
sonal interactions, whereas e-commerce transactions are typically more anonymous. 
Platforms also differ in how tightly reviews are connected to verified transactions, 
which affects their vulnerability to manipulation and selection effects; see, for exam-
ple, Tadelis [2].

Despite this heterogeneity, reputation systems across platforms perform a com-
mon economic function. They aggregate user-reported information about past actions 
of their transaction partners or the quality and effort they invested in the transaction 
and make it observable to future market participants. By doing so, they reduce infor-
mation asymmetries between buyers and sellers and enable trade in environments 
where direct inspection or enforcement is costly or impossible; see, for example, 
Bajari and Hortaçsu [3] and Tadelis [2].

This section introduces a common terminology for key concepts, explains the the-
oretical relevance of reputation systems, establishes a conceptual framework for bias 
analysis and derives four key propositions.

2.1  Preliminaries and definitions

This subsection introduces the terminology used throughout the paper. Clear defi-
nitions are necessary because the literature on reputation systems does not always 
employ consistent language.
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The first set of definitions concerns who evaluates whom in a reputation system 
and defines one-sided and two-sided reputation systems. Many platforms active in 
the digital sphere maintain online reputation systems that allow users to build cred-
ibility in an otherwise largely anonymous environment. On online marketplaces, 
which often operate one-sided reputation systems, a seller’s reputation is generally 
displayed to signal trustworthiness to potential buyers or to indicate the quality of 
products and services that they sell. Such systems have been examined extensively, 
for example, by Bolton et al. [14], Resnick and Zeckhauser [4] and Resnick et al. 
[15], and in surveys by Dellarocas [16], Luca [11], Magnani [12], Pocchiari et al. 
[13] and Tadelis [2].

In peer-to-peer environments, such as platforms facilitating the rental of vaca-
tion homes between private individuals, reputation systems are often two-sided. In 
these settings, the reputations of both transaction partners are displayed because each 
party benefits from reducing the risk of transacting with an untrustworthy counter-
part. Such systems are therefore referred to as two-sided reputation systems. Their 
specific properties have been analyzed in the literature, for example, by Bolton et al. 
[19] and Klein et al. [17, 18]. These features are particularly relevant for understand-
ing reciprocal behavior in reputation systems, which is examined in more detail in 
Sect. 3.2. Regardless of whether they are one-sided or two-sided, reputation systems 
aim to help users avoid untrustworthy transaction partners and low-quality products 
or services.

The second set of definitions concerns how evaluations are expressed. Evaluations 
can be expressed through ratings or reviews. Reputation systems typically include 
ratings, reviews or both [9, 13]. Hence, these terms require a definition. In this paper, 
a rating refers to a quantitative assessment of a product, service or transaction part-
ner. Ratings are often based on Likert-type scales, commonly represented by one to 
five stars, and are frequently aggregated into summary measures such as average 
ratings or rating distributions.

In contrast, reviews in the narrower sense are qualitative, textual expressions of a 
reviewer’s opinion. Hereafter, these will also be referred to as a textual review. Many 
platforms allow reviewers to supplement text with photos or other media. Owing to 
their qualitative nature, reviews tend to be more heterogeneous than ratings. Through-
out this paper, the term review is used as an umbrella term encompassing both ratings 
and textual reviews, unless the context clearly indicates otherwise. This usage reflects 
common platform design, where users typically submit both elements together.

The third set of definitions relates to what is being evaluated. Accordingly, product 
reviews and seller reviews are defined. As noted by Belleflamme and Peitz [20] and 
Tadelis [2], reviews may target either products or sellers. A product review reflects 
the reviewer’s assessment of the purchased product and focuses on its features and 
quality. A seller review, in contrast, evaluates the transaction partner and may refer to 
aspects such as delivery, communication or customer service. Some platforms main-
tain both types of systems in parallel, while in many service settings reviews refer to 
the overall transaction experience, including interactions with the transaction partner.
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2.2  Theoretical relevance of reputation in online markets

Many online markets have proven to be highly successful. However, economic the-
ory suggests that information asymmetries can lead to market failure, as illustrated 
by Akerlof [1] in the classical example of the market for “lemons.” In particular, hid-
den information about product quality (adverse selection) and hidden action by sell-
ers (moral hazard) may cause buyers to distrust sellers and refrain from purchasing. 
Although these issues can arise in any market, they are especially relevant in online 
environments, where buyers and sellers are often anonymous, communication is lim-
ited and buyers generally cannot inspect products before purchase. Moreover, sellers 
may have incentives to misrepresent product quality or to not ship the product after 
receiving payment. Such concerns have motivated a large body of research, such 
as Bajari and Hortaçsu [3] and Lewis [21]. As noted by Luca [11] and Tadelis [2], 
ensuring that sellers have sufficient incentives to complete transactions is essential 
for preventing market failure. Despite these challenges, many online markets have 
succeeded, in part because reputation systems help overcome the underlying infor-
mation asymmetries. Typically, these systems allow users to provide quantitative rat-
ings, qualitative reviews or both, thereby enabling sellers to build a reputation. The 
functioning of these systems has been widely documented, particularly in studies of 
the auction platform eBay, an early adopter of online reputation systems; see Bajari 
and Hortaçsu [3], Klein et al. [17] and Tadelis [2]. Their effectiveness has also been 
studied experimentally, for example, by Bolton et al. [14, 22] and in field experiments 
such as Resnick et al. [15]. Bibliometric analyses of the literature have found that the 
number of publications about online reviews has grown substantially over the last 
two decades; see Veh et al. [23] and Zhang et al. [24].

Online markets often operate as two-sided platforms that bring buyers and sell-
ers together. They resemble traditional markets that have existed for centuries, but 
with notable differences. As Goldfarb and Tucker [25] emphasize, online markets are 
typically not as limited by physical space1 and result in much lower search, transpor-
tation and travel costs for their participants relative to offline markets. At the same 
time, many online transactions are one-shot interactions and involve minimal direct 
communication between buyers and sellers. In contrast to traditional markets, word 
of mouth spreads more slowly online when there are no formal reputation systems, 
making it harder for sellers to build a reputation without a reputation system. This 
fact partly motivates research such as Bajari and Hortaçsu [3] and Resnick and Zeck-
hauser [4].

A seller’s displayed reputation can be decisive for commercial success. As sum-
marized by Magnani [12], there is broad consensus in the literature that sellers with 
more numerous and more positive reviews tend to sell more and at higher prices than 
sellers without a reputation, thereby increasing market efficiency by improving match 
quality between buyers and products or sellers. Evidence for increased efficiency and 

1 Traditional markets are limited in size because they require physical space for sellers to present their 
products and for buyers to access the market. Hence, these markets usually cannot grow beyond a certain 
size.
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higher consumer welfare in the presence of reputation systems is provided by studies 
such as Bolton et al. [14], Liu et al. [26] Reimers and Waldfogel [27].

Tadelis [2] illustrates the theoretical relevance of reputation systems using a vari-
ant of the trust game. In this setting, the buyer does not know whether the seller is an 
honest type who always ships the product or an opportunistic type who may choose 
to keep the payment without shipping. The game involves both hidden information 
(the seller’s type) and hidden action (the seller’s shipping decision). In a one-shot 
game, the opportunistic seller’s best response is not to ship, and the buyer will trust 
the seller only if the expected payoff is non-negative, which requires a sufficiently 
high probability that the seller is honest. In a version in which the game is repeated 
for two consecutive periods, the buyer will never trust the seller in the second period 
if the seller failed to ship in the first period. If the seller shipped in the first period, 
the buyer may trust again in the second period. Thus, if the future is sufficiently 
important, even an opportunistic seller may ship in the first round to appear honest 
[2]. This insight generalizes to infinitely repeated settings. With a sufficiently high 
discount factor, sellers have incentives to behave cooperatively and ship the product. 
If a seller fails to ship or if buyers cease to trust, the market reverts to the equilibrium 
of the one-shot game in which no transactions occur. The core implication of this 
class of models is that current behavior influences future trust. A seller who fails to 
deliver gains a reputation of being opportunistic and will not be trusted by future buy-
ers. This reasoning also applies when sellers interact with different buyers, as long as 
reputation is transferable and other buyers have access to information about a seller’s 
past performance [2]. A reputation system that records past behavior can therefore 
facilitate trust and enable trade. In this sense, the presence of a reputation system can 
determine whether a market functions or fails.

Modern online platforms implement precisely this logic by making past behavior 
observable through reviews and ratings [2]. While the trust game illustrates the role 
of reputation in incentivizing seller cooperation, real-world platforms capture more 
complex considerations. Reputation systems rely on buyer statements that contain 
both objective and subjective components. Reviews may reflect not only whether the 
product was delivered but also subjective evaluations of quality or service, as inves-
tigated, for example, by Ghose and Ipeirotis [28]. As a result, reputation systems can 
reflect much more than the mere fact of whether a product was delivered. They also 
reflect trustworthiness and product or service quality, depending on the platform’s 
design. Hence, the analysis in this paper abstracts from the presented example and 
considers reputation more generally, such that it captures all relevant factors in the 
context of the specific platform considered.

2.3  Conceptual framework to analyze biases in online reputation systems

To analyze how biases distort the reliability of reputation systems, the relationship 
between true and observed reputation is formalized using a conceptual framework. 
Reviewer t ∈ {1, . . . , T} posts a review of seller i, denoted as r̂it. This observed 
reputation is modeled as the sum of the seller’s unobservable true reputation ri and 
an error term εit:
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	 r̂it = ri + εit.� (1)

Here, r̂it represents the complete content of a review (i.e., rating and/or a quantified 
evaluation of a textual review, such as one incorporating a sentiment score) and ri 
reflects the seller’s objective performance in a given transaction, that is, the hypothet-
ical evaluation that would be provided by an objective reviewer. Depending on the 
context of the platform, true reputation may capture trustworthiness, product quality, 
effort, service quality or other relevant factors. Most reputation systems aggregate 
individual reviews into observed reputation, r̂i = f(r̂i1, . . . , r̂iT ), where f(·) is a 
function of all reviews posted. A simple example of this is a function that deter-
mines observed reputation as the average of all reviews posted: r̂i = 1

T

∑T
t=1 r̂it

. The aggregation of reviews r̂i = f(r̂i1, . . . , r̂iT ) converges to ri as T increases if 
three conditions regarding the error term are fulfilled: 

1.	 Unbiasedness (Mean Condition): The expected value of the error term must be 
zero: E[εit] = 0. If E[εit] ̸= 0, the reputation system is systematically biased, con-
sistently over- or under-estimating true reputation.

2.	 Precision (Variance Condition): Due to idiosyncratic factors such as subjective 
preferences, reviewers’ personal experiences or contextual circumstances such as 
shocks, the error term typically has non-zero variance Var[εit] ̸= 0. The variance 
of the error term must not be too large. High variance implies noise, reducing the 
precision of the reputation signal even if the mean is unbiased.

3.	 Independence (Correlation Condition): Reviews must be pairwise uncor-
related, such that the covariance between any two distinct error terms is zero: 
Cov(εit, εis) = 0 for all t ̸= s. This condition ensures that no review is influenced 
by any prior review. If this condition is violated (i.e., if Cov(εit, εis) ̸= 0), the 
error terms exhibit serial correlation. In such cases, the effective sample size is 
reduced because redundant information provides diminishing marginal returns, 
and initial shocks can propagate through subsequent reviews, leading to persistent 
bias even as the total number of reviews increases.

Figure 1 schematically summarizes this relationship and how the bias mechanisms 
described in Sect. 3 violate these conditions. This framework provides a basis for 
categorizing biases not by their source, but by their distinct error signatures. Strate-
gic manipulations (e.g., fake reviews, reciprocity) and structural biases (e.g., selec-
tion bias) primarily violate the Mean Condition, introducing a directional shift in 
reputation. Idiosyncratic factors, misunderstandings and contextual shocks primarily 
violate the Variance Condition. Social dynamics, such as social influence, violate the 
Correlation Condition, creating serial correlation.

This classification is critical because each type of violation requires a distinct 
design intervention. Mitigating a mean shift (e.g., through requiring verification of 
users who can post a review) differs fundamentally from reducing variance (e.g., 
through aggregation of certain reviews) or restoring independence (e.g., through hid-
ing previous reviews during the review posting).
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2.4  Framework implications and propositions

The decomposition of reputation signals into true reputation and an error term, 
r̂it = ri + εit, allows the analysis to move beyond descriptive cataloging to derive 
analytical propositions about bias properties. By mapping each bias to the related 
error signatures (mean shift, variance inflation or serial correlation), this framework 
identifies fundamental trade-offs and interaction effects that have been overlooked in 
prior literature.

Four key propositions are made that serve a dual purpose: they provide a perspec-
tive for systematically re-evaluating existing empirical findings in Sect. 3 and high-
light gaps that define the agenda for future research.

Proposition 1  (Trade-offs) Interventions designed to reduce systematic mean bias 
(E[εit ] ̸= 0 ) may inadvertently increase variance (Var[εit ]) or intensify selection 
bias. For example, strict verification requirements reduce fake reviews but lower 
participation rates, thereby reducing the sample size T and potentially increasing the 
variance of the reputation signal.

This proposition implies that platform design cannot optimize for a single distor-
tion in isolation. In Sect. 3, this perspective is used to explain why interventions like 
“verified purchase” labels sometimes fail to improve overall market efficiency: they 
solve the mean-shift problem but potentially create a variance problem or a new 
systematic bias (selection bias) through reduced participation. Consequently, the lit-
erature should shift from studying isolated interventions to identifying the net effect 
on market outcomes and welfare, explicitly considering the trade-off between bias 
reduction and precision.

Fig. 1  Schematic overview of the conceptual framework
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Proposition 2  (Independence) Biases manifesting as serial correlation (e.g., social 
influence) cannot be mitigated by increasing review volume, unlike variance-
driven noise. Because the error terms exhibit non-zero serial correlation (i.e., 
Cov(εit , εis) ̸= 0  for some t ̸= s), the effective sample size is reduced as redundant 
information provides diminishing marginal returns. Furthermore, positive serial cor-
relation prevents errors from averaging out efficiently. Instead, initial shocks propa-
gate through subsequent reviews, potentially leading to persistent bias even as the 
total number of reviews grows.

This distinguishes social influence from unsystematic noise. While noise decreases 
with more data, social influence bias can increase. This distinction is applied to eval-
uate studies on social influence, showing that aggregation methods effective for noise 
are ineffective for social influence. Therefore, future work must focus on structural 
interventions that restore independence (e.g., hiding prior reviews during submis-
sion) rather than simply incentivizing more reviews.

Proposition 3  (Detection) Mean-shift biases (e.g., fake reviews) and variance-infla-
tion biases (e.g., noise) require different detection strategies. Mean shifts are detect-
able via outlier analysis and distributional anomalies, whereas variance inflation 
requires context-aware aggregation. Applying outlier detection to high-variance but 
unbiased signals leads to unnecessary information loss. Consequently, different bias 
types also require different mitigation strategies.

This proposition provides an approach for evaluating detection algorithms. It 
explains why algorithms trained on fake reviews may falsely flag legitimate but idio-
syncratic reviews due to high variance. This highlights the need for context-aware 
detection systems that can distinguish between systematic manipulation and genuine 
heterogeneity in user preferences.

Proposition 4  (Artificial Intelligence) Technological advancements, for example, in 
generative artificial intelligence, alter the cost function of reputation manipulation, 
disproportionately reducing the marginal cost of creating mean bias (E[εit ] ̸= 0 ) 
relative to the cost of detection. This shifts the equilibrium toward higher levels of 
systematic bias unless platforms’ detection methods improve similarly.

This frames the discussion on artificial intelligence not as a static threat but as 
a dynamic shift in the manipulation-detection arms race. Crucially, detection algo-
rithms themselves are now part of the governance mix, evolving simultaneously with 
capabilities based on generative artificial intelligence. This implies that static design 
rules (e.g., fixed verification thresholds) are becoming obsolete. Instead, platforms 
must deploy adaptive systems where artificial intelligence-driven detection improves 
dynamically to counteract the near-zero marginal cost of creating mean-shift biases. 
This perspective is used to interpret recent findings on artificial intelligence-gener-
ated fake reviews in Sect. 3.1.1. Future research should investigate dynamic games in 
reputation systems where manipulation and detection capabilities co-evolve, particu-
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larly examining how artificial intelligence-driven curation algorithms interact with 
these biases.

The propositions function as analytical propositions derived logically from the 
conceptual framework. Propositions  1 (Trade-offs) and 2 (Independence) follow 
immediately from the properties of the error term. They describe inherent constraints 
of the reputation signal itself (e.g., failure of the Law of Large Numbers to cancel 
out the bias under serial correlation). On the other hand, Propositions 3 (Detection) 
and 4 (Artificial Intelligence) are logical consequences of applying the framework’s 
diagnostic distinction (mean shift vs. variance inflation) to the dynamics of platform 
governance. For example, Proposition  3 logically requires asymmetric detection 
strategies because the framework defines mean-shift and variance-inflation errors as 
fundamentally distinct phenomena requiring different reactions. Similarly, Proposi-
tion  4 derives the inevitability of a dynamic arms race because the realization of 
the bias depends on the relative costs of manipulation versus detection. Thus, while 
Propositions 1 and 2 relate to the signal properties, Propositions 3 and 4 relate to the 
governance strategies reacting to those properties. Collectively, they serve as orga-
nizing principles for synthesizing empirical findings and as a theoretical foundation 
for generating testable hypotheses in future research.

Together with the conceptual framework, these propositions provide the basis for 
the empirical review in Sect. 3. In each subsection, the error signature of the bias is 
identified, empirical evidence is evaluated in light of these propositions and design 
implications are derived that account for the identified trade-offs.

3  Biases in online reputation systems

In this section, the framework introduced in Sect. 2.3 is applied to investigate the 
empirical literature on five major sources of bias: (i) strategic action of sellers, includ-
ing fake reviews and rebate-for-review programs, (ii) strategic action of reviewers, 
such as reciprocal behavior, (iii) social influence, where reviewers adjust ratings 
based on existing reviews, (iv) selection bias, arising from the non-representative 
subset of buyers who post reviews and (v) noise, including idiosyncratic tastes, mis-
interpretations and shocks. These sources of bias have been identified as key chal-
lenges in reputation systems, for example, by Belleflamme and Peitz [20], Lee et al. 
[10], Luca [11] and Tadelis [2].

The necessity of this structured analysis is evident from empirical patterns docu-
mented in the literature, such as the low correlation between ratings and objective 
quality [29, 30], the J-shaped distribution of ratings [31–33] and the phenomenon 
of reputation inflation [34]. While prior literature has documented these patterns in 
isolation, the conceptual framework from Sect. 2.3 provides a unified analysis of the 
biases in terms of the moments of the error term (mean, variance or correlation).

This section summarizes the empirical findings for each type of bias, specifically 
the conditions under which they arise, how they affect reputation measures and what 
mechanisms can mitigate their impact. While these biases differ in origin, the uni-
fied framework reveals commonalities in their effects and highlights interactions that 
isolated analyses often miss.
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3.1  Bias due to strategic considerations of the sellers: fake reviews and rebate-
for-review programs

This section examines biases in online reputation systems that arise from the strategic 
behavior of sellers. Strategic reputation management can involve practices that are 
generally legal as well as those that are generally illegal.2 Both categories include 
actions designed to increase the number of reviews for a particular seller. Impor-
tantly, the entity generating the reviews may or may not be the seller who benefits 
from them. This section focuses on two main ways sellers influence reviews, the 
solicitation of fake reviews and the use of rebate-for-review programs. Both practices 
primarily affect the expected value of the error term E[εit]. While the solicitation of 
fake reviews is motivated by shifting the expected value of the error term, rebate-for-
review programs are designed to increase review volume.

Sellers have strong incentives to engage in such practices. A seller’s success on 
a platform often depends heavily on the number and quality of reviews it receives. 
Many studies show that sellers with more and better reviews enjoy higher sales, 
appear more prominently in platform search rankings and elicit higher willingness to 
pay from buyers. This relationship is well documented across markets and is broadly 
accepted in the literature, as studied, for example, by Chevalier and Mayzlin [35] and 
summarized in the survey by Magnani [12] and the meta-analysis by Babić Rosario 
et al. [36]. With this incentive structure, many sellers attempt to actively manage 
or manipulate their reputation by generating additional reviews that promote their 
business. Reputation management is sometimes even considered a form of market-
ing.3 In this vein, Mayzlin et al. [37] refer to manipulated reviews as “promotional 
reviews.” Many sellers monitor their reviews closely and are aware that engaging in 
review fraud is a possible strategy, although the intensity of such behavior varies. 
This strategic monitoring and management behavior has been analyzed, for example, 
by Gössling et al. [38].4

Given these strong incentives, sellers may pursue concrete strategies to manipu-
late reviews, which are categorized here into two main practices. First, this section 
examines fake reviews as a form of reputation manipulation. Second, the section 
investigates rebate-for-review programs, which are often permitted by platforms but 
may affect the review process.

3.1.1  Fake reviews

Fake reviews are prohibited by platform terms and increasingly banned by regulatory 
frameworks globally. Recent enforcement actions by the US Federal Trade Commis-
sion [39–41], the UK’s Digital Markets, Competition and Consumers Act 2024 [42] 

2 Legal standards and platform policies do not necessarily align, but distinguishing between them lies 
beyond the scope of this paper.

3 See, for instance, Magnani [12] for a survey on online reputation as a factor in consumer decision making 
and marketing activities.

4 Other fraudulent marketing practices, such as deceptive advertising, also exist, but fall outside the scope 
of this paper.
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and intensified legal measures by platforms like Amazon [43] illustrate the growing 
regulatory urgency. Academic overviews by Sahut et al. [5] and Wu et al. [6] cata-
log the antecedents and consequences of this phenomenon. This section synthesizes 
key empirical findings following loosely the antecedent-consequence-intervention 
framework of Wu et al. [6], focusing on more recent contributions and mechanisms 
relevant to the proposed propositions. After a brief definition of fake reviews, this 
section provides an overview of the findings in the literature on when and why fake 
reviews are posted. Then, it summarizes details of how they are generated and what 
their properties are, followed by findings on the consequences of fake review post-
ings. Finally, it discusses findings on detection methods and suitable reactions to fake 
reviews. This structure follows the order of the questions included in Table 1, which 
are adapted from the framework by Wu et al. [6].

Fake reviews arise when posted reviews do not reflect the genuine opinions of 
real buyers such that reputation is manipulated. This includes cases where reviewers 

Focus of analysis Studies
When and why 
are fake reviews 
posted?

F: Anderson and Simester [47], Anderson and 
Magruder [48], Dini and Spagnolo [49], Hajek 
et al. [50], He et al. [51], Hu et al. [52–54], 
Ko and Bowman [55], Lappas [56], Li et al. 
[57], Luca and Reshef [58], Luca and Zervas 
[59], Mayzlin et al. [37], Ott et al. [60], Wang 
et al. [61], Xu et al. [62] and Zhang et al. [63]
L: Ananthakrishnan et al. [64], Banerjee and 
Chua [65], Choi et al. [44], Gössling et al. [38, 
66], Harrison-Walker and Jiang [67], Krügel 
and Paetzel [68] and Malbon [69]

How are fake re-
views generated?

F: Dini and Spagnolo [49], He et al. [51] and 
Xu et al. [62]
L: Banerjee and Chua [65], Kovács [70] and 
Salminen et al. [71]

What are the 
properties of fake 
reviews?

F: Anderson and Simester [47]

What are the con-
sequences of fake 
review presence 
on the market?

F: Akesson et al. [72], Alma Economics [73], 
Ko and Bowman [55], Mayzlin et al. [37] and 
Xia et al. [74]

L: Harrison-Walker and Jiang [67], Krügel 
and Paetzel [68], Malbon [69], Munzel [75] 
and Song et al. [76]

How can fake re-
views be detected?

F: Alma Economics [73], Bhangale and Roy 
[77], Hajek et al. [50], He et al. [78], Hu et al. 
[54], Nawara and Kashef [79], Ott et al. [60], 
Xu et al. [62] and Zhang et al. [46]
L: Harrison-Walker and Jiang [67], Kovács 
[70] and Plotkina et al. [80]

What are suitable 
reactions to fake 
reviews?

F: Akesson et al. [72], Lappas et al. [81] and 
Luca and Zervas [59]

L: Ananthakrishnan et al. [64]

Table 1  Overview of empirical 
studies on fake reviews

F: Studies based on field data 
or field experiments; L: Studies 
based on laboratory or online 
experiments and surveys
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are paid or otherwise incentivized to write positive or negative reviews, as well as 
situations where reviewers have not purchased the product at all. Definitions in the 
literature vary depending on research focus and context, but they consistently char-
acterize fake reviews as misleading because they either misrepresent the reviewer’s 
true opinion, involve reviewers who do not belong to the group of legitimate review-
ers or stem from financial incentives [see, e.g., 6, 37, 44–46]. Within the conceptual 
framework established in Sect. 2.3, fake reviews represent a systematic violation of 
the Mean Condition. Because these reviews are intentionally designed to distort repu-
tation without reflecting true quality, they introduce a mean shift where E[εit] ̸= 0. A 
critical insight provided by this classification is that this mean shift does not average 
out with increased sample size. Adding more reviews simply accumulates further 
biased signals, preventing convergence to true reputation. Consequently, effective 
mitigation should target the source of the bias rather than relying on aggregation.

The extensive coverage of fake reviews reflects their distinct characteristics. First, 
the empirical literature on fake reviews is voluminous and active, driven by the rapid 
evolution of manipulation tactics (e.g., organized markets, increased usage of genera-
tive artificial intelligence) and the corresponding detection methods. In contrast, lit-
erature on other biases such as reciprocity and social influence has largely converged 
on structural solutions (e.g., simultaneous reveal, blinded reviews), resulting in a 
more mature but less expansive recent body of work. Second, fake reviews represent 
a case of malicious intent rather than merely flawed design or cognitive bias. Unlike 
noise or selection bias, which arise from endogenous user behavior or platform archi-
tecture, fake reviews are strategic, fraudulent attacks on the reputation signal. This 
distinction necessitates a deeper analysis of the dynamic equilibrium between manip-
ulation and detection (Proposition 4). Third, there is current societal and regulatory 
urgency related to fake reviews. Recent legislative actions and significant consumer 
welfare losses have prioritized this bias in both research and policy agendas. Conse-
quently, a comprehensive synthesis of this specific stream is essential to capture the 
current frontier of reputation system challenges, whereas other biases are treated with 
a focus on their established structural mitigation strategies.

Fake reviews have been studied extensively in the empirical literature. Table 1 
provides an overview of the main aspects examined in the literature grouped by the 
focus of the studies, which loosely follows the antecedent-consequence-intervention 
framework by Wu et al. [6]. The table differentiates between empirical studies that 
rely on field data or field experiments and those that rely on laboratory or online 
experiments and surveys. The remainder of this section summarizes key empirical 
findings in the order of the questions from the table.
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Empirical research consistently shows that fake reviews are a widespread phe-
nomenon across online markets. Depending on the platform and the detection method 
used, studies estimate that between 5% and 33% of reviews are likely to be fake.5

Most obviously, sellers of goods and services may have incentives to create fake 
reviews. As documented by numerous empirical studies, sellers benefit from gen-
erating positive fake reviews for themselves through higher sales, improved search 
ranking and greater willingness to pay by consumers; see, for example, Anderson 
and Magruder [48] and Luca and Reshef [58]. Using Amazon data, Wang et al. [61] 
find an inverted-U relationship between the number of manipulated reviews and sales 
and a positive relationship between the information quality of manipulated reviews 
and sales. Given these benefits, sellers often have strong incentives to solicit positive 
fake reviews.

Sellers may also attempt to generate negative fake reviews about their competi-
tors. By lowering a rival’s reputation, they can improve their own relative reputa-
tion, potentially harming competitors’ sales while boosting their own. Negative fake 
reviews appear to be less common than positive ones. As Harrison-Walker and Jiang 
[67] argue, soliciting negative reviews is perceived as riskier and more difficult, a 
finding also reflected in the survey results of Gössling et al. [38, 66]. Empirical work 
on incentives for negative fake reviews includes Luca and Zervas [59] and Mayzlin 
et al. [37], which will be discussed below.

Furthermore, buyers may have incentives to post fake reviews or at least threaten 
to do so. Some buyers exploit practices where hotels offer compensation to unsat-
isfied guests by threatening to post unjustified negative reviews unless the seller 
provides a benefit. Gössling et al. [38, p. 494] refer to such behavior as “corrupt 
complaints.” Experimental evidence from Choi et al. [44] using participants from 
Amazon Mechanical Turk suggests that consumers can be incentivized to leave fake 
reviews through monetary rewards or even promised charitable donations and that 
participants perceive negative fake reviews as more immoral than positive ones.

Sellers may have different incentives to solicit fake reviews depending on whether 
their product or service is of high or low quality. Low-quality sellers may seek to 
compensate for inferior products by soliciting positive fake reviews, but these gains 
are often short-lived. Once sales increase, genuine negative reviews are eventually 
posted, making it difficult and costly to sustain an artificially inflated overall rating. 
Platforms use methods such as deleting fake reviews or penalizing accounts, thereby 
increasing the costs and risks of creating fake reviews. A similar logic applies to neg-
ative fake reviews about competitors, which low-quality sellers may use to improve 
their own relative standing. This has been investigated empirically by Li et al. [57] 
and Mayzlin et al. [37].

5 Alma Economics [73] estimates with a detection algorithm that between 11% and 15% of reviews on 
the investigated UK e-commerce platforms are fake. Anderson and Simester [47] find in their analysis 
of reviews on a retailer’s website that 5% of reviews are without a verified purchase, which could be an 
indication of fake reviews. Hu et al. [54] find that around 10.3% of reviews in their data from Amazon.
com are manipulated. Luca and Zervas [59] find that 16% of reviews on review platform Yelp are filtered 
by the platform, which they consider a proxy for fake reviews. Ott et al. [60] find a prevalence of fake 
reviews across various hotel reputation platforms of up to approximately 6%. Salehi-Esfahani and Ozturk 
[82, p. 138] state that the “general ballpark figure is that one-third of reviews are fake.”
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In contrast, high-quality sellers, especially new entrants to the market, may benefit 
from posting a small number of initial positive reviews. Because buyers are often 
reluctant to purchase from sellers with few or no reviews and because such sellers 
tend to be ranked less prominently, a small number of positive reviews can help over-
come the cold-start problem. Once sales increase, genuine positive reviews are likely 
to follow. Under some market conditions, only high-quality sellers find it profitable 
to generate early positive reviews, as low-quality sellers cannot recoup the cost of 
such manipulation through sustained future sales. These dynamics are explored by 
Li et al. [83]. These incentives are related to those in the rebate-for-review programs 
summarized in Sect. 3.1.2 below.

Studies document fake reviews across major marketplaces (e.g., Amazon [47, 
52–55], eBay [49], JD.com [74], Taobao [62]), hospitality platforms (e.g., Yelp, Tri-
padvisor [48, 59, 63]) and retail sectors using field data, laboratory experiments [64, 
68] and qualitative interviews [38, 66, 69]. Fake reviews have been documented for 
a wide range of products and services, including books [52], restaurants [57, 59, 63] 
and hotels [37, 60].

As found by Gössling et al. [38, 66] and Hu et al. [52], many sellers monitor 
their online reputation closely and intervene when necessary, though not necessar-
ily through fake reviews. The literature identifies several conditions that make fake 
review solicitation more likely.

First, firms are more likely to solicit fake reviews when their reputation is weak, 
for example, when they have only a few reviews or have recently received negative 
ones. Luca and Zervas [59] show this using Yelp restaurant data, exploiting Yelp’s 
practice of publicly displaying reviews filtered out by its fraud-detection algorithm. 
Treating these filtered reviews as proxies for fake reviews, they find that restaurants 
with weaker reputations are more likely to engage in manipulation practices. Using 
the same approach with Yelp data, Zhang et al. [63] find that restaurants tend to 
increase fake review activity when their competitors do so, but reduce manipulation 
when they have a reputational advantage. Because being exposed for soliciting fake 
reviews can damage credibility, loss-averse sellers appear less willing to solicit fake 
reviews.

Second, independent businesses are more likely to engage in fake review solic-
itation than businesses belonging to larger chains. Detection imposes reputational 
and financial costs, which are typically more severe for chains because being caught 
manipulating reviews may harm the entire chain, given its larger exposed profit base. 
Luca and Zervas [59] document this pattern for Yelp restaurants and Mayzlin et al. 
[37] draw similar conclusions for hotels.

Third, competitive intensity increases incentives to solicit fake reviews. Restau-
rants are more likely to solicit fake reviews when competitors, particularly those 
offering similar products, operate in geographical proximity. Li et al. [57] and Luca 
and Zervas [59] find this using restaurant data. Hu et al. [52] find similar results for 
fake reviews in the book market where fake reviews are more likely for non-bestsell-
ing books, books with less helpful reviews or high-priced books, all of which can be 
considered a competitive disadvantage. Mayzlin et al. [37] document similar patterns 
and find that hotels are more likely to post negative fake reviews about competitors 
when there are nearby competitors. The authors employ a difference-in-differences 
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strategy comparing hotel reviews on Tripadvisor, where any user may post, with 
those on Expedia, which restricts reviews to verified bookings.

Fourth, fake reviews become more frequent if they are inexpensive to solicit. Krü-
gel and Paetzel [68] analyze incentives to solicit fake reviews in a laboratory public-
good experiment where subjects could rate each other’s contributions. Subjects could 
change the received rating at no, low or high cost. Furthermore, there was a control 
treatment without the possibility to change the rating. They find that subjects use the 
opportunity to change their own rating if possible and that there are more changed 
(i.e., fake) ratings the lower the costs are. They conclude that increasing the costs 
of review manipulation can reduce manipulation and increase efficiency. Consistent 
with this, Ott et al. [60] find with their machine-learning detection approach that the 
prevalence of fake reviews on platforms with high costs of posting a review6 is rela-
tively stable over time, while it increases on the platforms where it is relatively cheap 
to post fake reviews, indicating that agents tend to continuously solicit fake reviews 
on these platforms.

These findings illustrate a standard economic mechanism: sellers engage in 
manipulation as long as the marginal benefit of inducing a mean shift in reputation is 
high and exceeds the marginal cost of manipulation, detection and penalty. The lower 
the costs and potential penalties, the more fake reviews are posted.

In addition to understanding why fake reviews are posted, it is also important to 
consider how they are created. Posting fake reviews is costly, particularly because 
many platforms apply verification procedures or automated filters. Sellers often rely 
on third parties to post fake reviews, either individuals who they directly incentivize 
to submit reviews or specialized agencies that coordinate the entire process; see, for 
instance, He et al. [51] and Xu et al. [62].

On relatively unrestrictive platforms, in particular those that do not require a trans-
action to be completed through the platform, fake reviews are relatively inexpensive 
to produce. If only star ratings are posted, the required effort is low. Generating tex-
tual reviews is more demanding. They are typically more valuable for sellers because 
they tend to be perceived as more credible and persuasive. At the same time, they 
must be sufficiently coherent and plausible to avoid detection algorithms and to con-
vince potential buyers. As Kovács [70] argues, this task has become less costly over 
time through the growing availability of generative artificial intelligence, which can 
produce large volumes of realistic textual reviews.

The more restrictive a reputation system is, the higher the cost of posting fake 
reviews. Many platforms, for example, hotel booking site Expedia, allow reviews 
only from guests who have completed a transaction through the platform, a feature 
exploited by Mayzlin et al. [37] to infer the prevalence of fake reviews on less restric-
tive platforms. Other platforms, such as Amazon.com, label reviews as “verified pur-
chase” when the reviewer bought the product through the platform. In these settings, 

6 On platforms Orbitz, Priceline, Expedia and Hotels.com, it is relatively costly to post fake reviews since 
these platforms generally require a confirmed booking before posting a review. On the other hand, on 
Yelp and Tripadvisor, no such requirement exists. Hence, it is relatively cheap to post a fake review on 
these platforms.
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sellers cannot easily generate fake reviews without involving third parties who are 
willing to make real purchases.

Modern manipulation activities have spread into organized markets. Sellers uti-
lize third-party brokers and social media groups to coordinate “verified purchase” 
reviews, where participants are refunded and compensated to bypass platform filters 
[51, 62].

He et al. [51] study a market for fake review solicitation on Amazon.com. They 
identify Facebook groups on which fake reviewers are recruited. Individuals are 
motivated to complete a purchase on Amazon and subsequently leave a positive 
5-star review, typically receiving a full refund of the purchase price through chan-
nels outside of the Amazon platform. The key benefit for sellers is that these reviews 
appear as “verified purchase,” thereby enhancing credibility, which increases their 
product’s search ranking and chances of sale.

Using data from these Facebook groups, He et al. [51] identify which products 
on Amazon are affected by fake reviews and compare their performance with that of 
unaffected products. They find that affected products experience increases in review 
volume, search rank and sales rank after soliciting fake reviews. Increases in average 
ratings and review volume appear to be temporary, whereas the improvement in sales 
rank is more long-lasting. They also find that Amazon removes a substantial share 
of fake reviews. Amazon’s mass deletion of reviews in mid-March 2020 provides 
a quasi-experimental opportunity that allows the authors to apply a difference-in-
differences strategy. Comparing products whose fake reviews were removed quickly 
with those whose fake reviews remained visible longer, they conclude that fake 
reviews have a causal positive effect on sales rank.

A related but structurally different market is examined by Xu et al. [62], who 
analyze crowdsourcing markets on which sellers purchase services to generate fake 
transactions on Taobao. These services accelerate reputation building while only 
2.2% of sellers are detected and penalized [62]. The crowdsourcing markets coor-
dinate payments, guide reviewers’ behavior and provide detailed instructions to 
reviewers for minimizing detection risk, including guidelines for imitating realistic 
search and browsing behavior before purchase and avoiding new accounts and the 
repeated use of the same device or IP locations.

Dini and Spagnolo [49] report on the easy generation of fake reviews on eBay 
through so-called “shill auctions.” They document how sellers generate fake transac-
tions, often involving fictitious goods priced as low as USD 0.10 or 0.99, to exchange 
positive feedback cheaply. In some cases, neither payment nor shipping takes place. 
The appearance of a transaction alone is sufficient to leave mutually beneficial posi-
tive feedback on eBay.

Although organized systems facilitate large-scale manipulation, most fake reviews 
are still written by human agents who follow guidelines that reduce the likelihood 
of detection. Banerjee and Chua [65] analyze the cognitive process of writing cred-
ible fake reviews, identifying stages of information gathering, assimilation, drafting 
and finalizing the fake reviews through an online questionnaire. However, recent 
advances in generative artificial intelligence, such as large language models, sub-
stantially decrease the effort required to produce high-quality fake reviews. This 
development raises new concerns about the reliability of online reputation systems 
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[70, 71, 84] and has resulted in regulator actions against artificial intelligence-based 
fake review generation [e.g., 40]. Experimental evidence suggests that artificial 
intelligence-generated reviews are difficult for humans to identify. Kovács [70] 
finds no significant difference in classification accuracy between real and artificial 
intelligence-generated restaurant reviews. Salminen et al. [71] find that humans are 
generally worse at detecting fake reviews than algorithms. These findings empirically 
validate the mechanism proposed in Proposition 4 (Artificial Intelligence). As the 
marginal cost of generating credible fake reviews decreases significantly, the pres-
ence of fake reviews rises unless platform detection capabilities improve similarly. 
Generative artificial intelligence drastically lowers the marginal cost of creating cred-
ible fake reviews, shifting the dynamic equilibrium toward higher levels of system-
atic bias unless the platform intensifies its countermeasures.

Additional evidence on potentially deceptive reviews is provided by Anderson 
and Simester [47], who examine product reviews from an apparel company selling 
through its own retail channels. They find that approximately 5% of reviews cannot 
be matched to the company’s transaction records. These unmatched reviews are, on 
average, more negative and less detailed than matched reviews. While the authors 
cannot rule out legitimate reasons for a reviewer’s absence from the transaction list,7 
the authors note that the systematically different linguistic patterns of unmatched 
reviews require further explanation. Replicating the findings using verified and non-
verified purchase reviews on Amazon.com, they find that non-verified reviews are 
more likely to exhibit linguistic properties associated with deceptive reviews, such 
as unrelated details, shorter words and excessive use of exclamation points. They 
find that some of the unverified reviewers are among the company’s best customers, 
making competitor sabotage unlikely. The authors propose three possible explana-
tions: (i) such reviewers may act as “brand managers”, (ii) they may be upset custom-
ers (though evidence is limited) or (iii) they may seek social recognition by posting 
reviews.

Next, this section summarizes evidence on how fake reviews affect stakeholders. 
Krügel and Paetzel [68] examine the role of review fraud in a laboratory experiment 
with a public-good game. They show that when fraudulent reviews can be created 
at low cost, subjects place significantly less weight on displayed ratings. They find 
that contributions to the public good and thereby efficiency are lower when fraud is 
costless.

A range of studies demonstrates that fake reviews reduce consumer welfare and 
increase the likelihood of purchasing inferior products. Akesson et al. [72] conduct 
an incentive-compatible online experiment with a representative sample of UK con-
sumers. Participants interact with a simulated marketplace resembling Amazon, 
choosing among five products. One product is high-quality, one low-quality and three 
average-quality. Six treatments vary the presence and type of fake reviews, including 
inflated star ratings, overly positive textual reviews and obviously fake content. One 
treatment additionally includes an educational intervention about fake reviews. To 

7 Anderson and Simester [47] list a number of possible reasons for reviewers not to appear on the transac-
tion list, including gift recipients, customers misidentifying items or reviews complaining about non-
product issues such as service complaints.
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assess welfare effects, Akesson et al. [72] elicit willingness to pay. They argue that 
welfare losses occur when consumers seeing fake reviews select products they value 
less. Fake reviews shift demand: a one-star increase raises demand for low-quality 
products by 38%, generating welfare losses. They also find that consumers who are 
less trusting of reviews are less affected, while frequent users of online marketplaces 
experience larger negative effects. This suggests that experience does not mitigate 
vulnerability to review manipulation. Firms may thus benefit in the short run from 
producing fake reviews.

Alma Economics [73] conduct a similar online experiment with UK partici-
pants modeled after Akesson et al. [72], though lacking incentive compatibility. 
They expose subjects to genuine, subtly manipulated or strongly manipulated fake 
reviews.8 Subtle fake reviews increase the chance of choosing the manipulated prod-
uct, while strong, obvious fake reviews reduce it. They conclude that consumers can 
identify extreme forms of fake reviews, but subtle manipulations remain effective, 
generating welfare losses.

Fake reviews may also erode trust in reputation systems. Ko and Bowman [55], 
using data from Amazon.com, show that even the suspicion that fake reviews may 
be present reduces the perceived usefulness of reviews, especially for highly rated 
brands. Similarly, Xia et al. [74] find that fake reviews initially boost sales on JD.com, 
but as consumers recognize the deception, trust in the reputation system declines. 
Experimental evidence by Song et al. [76] indicates that the effect of fake reviews 
depends on product type.

Overall, the evidence suggests two major effects of fake reviews on consumers. 
First, consumers may make suboptimal choices, reducing welfare [37, 72, 73]. Sec-
ond, awareness or suspicion of fake reviews may undermine trust in reputation sys-
tems, making consumers reluctant to complete purchases and potentially harming 
brand perceptions [37, 55, 67, 68, 75, 76]. However, consumers do not appear to 
universally mistrust online reviews [69], and some evidence suggests that consumers 
can recognize at least obvious forms of fake reviews [73].

Beyond their impact on efficiency, fake reviews raise important ethical concerns 
[44]. They constitute a form of deception or fraud, as consumers are deliberately 
misled about product quality or seller reliability. This not only harms buyers but also 
disadvantages honest sellers, who face unfair competition from firms that manipulate 
reviews [37]. Moreover, fake reviews are often produced by organized agencies or 
low-paid workers, turning deception into a service [62]. In such environments, even 
sellers who would prefer not to engage in manipulation may feel compelled to do so 
in order to remain competitive, creating a collective action problem in which unethi-
cal behavior becomes normalized.

Addressing fake reviews requires two steps, identifying them and deciding how to 
respond, as suggested by Ananthakrishnan et al. [64]. The first step is to find a way 
to detect them and to distinguish them from genuine reviews. Surveys on detection 
methods for fake reviews include Mohawesh et al. [7] and Vidanagama et al. [8].

8 Subtle fake reviews include generic or exaggerated language or multiple reviews posted on the same 
day; strong fake reviews include reviews describing a different product or disclosing that the reviewer 
was paid.
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Fake reviews can often be identified using contextual factors surrounding the 
review posting. Reviewer histories may reveal suspicious patterns. Examples include 
multiple reviews from newly created accounts in a short period or multiple accounts 
sharing the same IP address. Whether a user directly accesses a URL or browses and 
compares related products can also provide clues. Reputation systems can incorpo-
rate these signals to flag potential fake reviews. However, systematic fake review 
creators often circumvent detection by using aged accounts and varied IP addresses 
[46, 62].

Another indicator involves reviewer-product networks. Alma Economics [73] and 
He et al. [78] note that reviewers who frequently review the same set of products 
may be part of organized fake review activity. He et al. [78] leverage Amazon data to 
detect such clusters, showing that products with fake reviews tend to share reviewers, 
facilitating identification of other potentially affected products.

Account properties also provide signals of credibility. For example, accounts with 
random-character names are generally considered suspicious, whereas accounts with 
a real name are generally more credible [67]. Consumers can, to some extent, use 
these indicators to judge review trustworthiness, and platforms can integrate them 
into their detection algorithms.

The content of textual reviews can also indicate deception. Consumers often rely 
on textual cues, such as exaggerated language, repetitive wording or statements 
implying that the reviewer was compensated. Obvious fake reviews may reference 
an entirely different product. Such characteristics of obvious fake reviews have been 
mentioned by Akesson et al. [72], Alma Economics [73] and Harrison-Walker and 
Jiang [67]. Harrison-Walker and Jiang [67] find some cues associated with genuine 
reviews. Genuine reviews tend to provide more detailed descriptions and are more 
credible when negative, as negative fake reviews are rarer.

Platforms can apply advanced textual analysis such as algorithmic detection [60, 
73], sentiment analysis [50, 54] and the use of large language models to detect fake 
reviews [77, 79]. For instance, Ott et al. [60] build models using truthful reviews and 
artificially generated deceptive reviews to predict the prevalence of fake reviews on 
online travel platforms. Similarly, Hu et al. [54] use statistical analysis of textual and 
numerical review properties, while Hajek et al. [50] emphasize product type and veri-
fied purchase labels as key indicators.

Advances in artificial intelligence can be used not only to create fake reviews but 
also to detect them. Bhangale and Roy [77] use the same dataset as Ott et al. [60] and 
Salminen et al. [71] to test whether large language models can detect fake reviews 
using linguistic properties. They find that their approach performs well at detect-
ing fake reviews with a detection accuracy of over 90%. Furthermore, Nawara and 
Kashef [79] achieve a strong detection performance with a related approach.

Fake reviews can also be detected using platform-specific features. Luca and Zer-
vas [59] and Zhang et al. [63] utilize review platform Yelp’s feature of displaying 
all reviews, including those filtered, for instance, due to suspected manipulation. 
Mayzlin et al. [37] compare Tripadvisor, which allows anyone to post reviews, with 
Expedia, which only permits verified purchasers to review, to statistically infer the 
presence of fake reviews. While these methods are mostly research tools, the avail-
ability of this information can still affect consumers’ trust in sellers or products.
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Humans are generally poor at detecting fake reviews. Plotkina et al. [80] find that 
even when subjects in their experiment are aware of typical characteristics of fake 
reviews, their detection accuracy is only 57%. Similarly, Salminen et al. [71] show 
that algorithmic methods outperform humans in identifying fake reviews, highlight-
ing the importance of platform-level detection systems.

Reducing the number of fake reviews requires both detection and appropriate 
response strategies. Luca and Zervas [59] suggest four main approaches: (i) using 
detection algorithms, (ii) allowing only verified purchasers to leave reviews, (iii) 
conducting stings against fraudulent reviewers or companies and (iv) leveraging 
behavioral economics to nudge companies away from posting fake reviews.

Most platforms react to detected fake reviews by filtering them out, while oth-
ers, like Yelp, display them as fraudulent or not recommended. Ananthakrishnan et 
al. [64] investigate experimentally the most suitable reaction to fake reviews. They 
argue that retaining and labeling fake reviews can increase transparency, potentially 
discouraging businesses from soliciting them, as the reputational cost of being dis-
covered increases. Yelp, for instance, displays a banner on profiles of businesses 
involved in systematic fake review solicitation alongside flagging individual posts, 
deterring businesses by highlighting the potential negative consequences. However, 
this transparency can also reduce consumers’ trust in the platform if it draws attention 
to the presence of fake reviews.

Restricting reviews to verified purchases raises the cost of fake review solicita-
tion. Platforms can raise these costs further through stricter eligibility criteria. For 
example, Amazon.com allows only users to post reviews if they have spent at least 
USD 50 in the last 12 months [85]. This is in line with the suggestion made by Luca 
[11] to give more weight to reviews posted by reviewers with longer transaction 
histories, as they are generally less likely to be involved in fake review solicitation.

Shukla and Goh [84] propose verifying a user’s digital identity through a third 
party, confirming both identity and transaction validity without revealing the user’s 
identity to the seller. Financial institutions such as credit card companies could serve 
this verification role, because they have access to payment transaction data. While 
verified purchases reduce certain types of fake reviews, limitations exist. Businesses 
can still post positive fake reviews by purchasing products themselves, and the num-
ber of eligible reviews excludes friends or family who share an experience, such as 
staying at the same hotel [81].

Reputation systems can ban companies, reviewers or products identified as engag-
ing in fake review solicitation. In practice, this approach is rarely used, as new seller 
profiles can be created easily and at low cost. Platforms rarely ban sellers active in 
fake review solicitation, as observed, for example, on Amazon.com by He et al. [51].

Educating consumers about the potential presence of fake reviews can mitigate 
their negative effects. Akesson et al. [72] find that an educational intervention reduced 
the welfare loss from fake reviews by 44% in an experimental setting. While it does 
not completely eliminate the effect, this simple measure can significantly improve 
consumer decision-making and overall welfare.

Review aggregation methods can reduce the impact of fake reviews without 
removing them entirely. Ivanova and Scholz [86] propose dynamically aggregating 
reviews by type (e.g., positive or negative) and splitting them into equal-sized subsets 



1 3

Biases in online reputation systems: a survey of the empirical literature

for aggregation. This approach diminishes the influence of individual fake reviews 
while maintaining visibility of less frequent ratings. Their simulations indicate that 
this method outperforms other aggregation techniques in mitigating the effects of 
fake reviews on sales.

As established, fake reviews constitute a systematic violation of the Mean Condi-
tion (E[εit] ̸= 0). Whether inflating (E[εit] > 0) or deflating (E[εit] < 0) reputation, 
these manipulations require targeted interventions, as aggregation cannot correct the 
mean shift. Furthermore, the rise of artificial intelligence underscores the dynamic 
equilibrium in Proposition 4, where manipulation costs fall relative to detection.

The findings from the literature on fake reviews can be summarized as follows:

Finding 1  Fake reviews constitute a systematic violation of the Mean Condition 
(E[εit ] ̸= 0 ), introducing a systematic distortion (mean shift) in reputation. Empiri-
cal evidence confirms that this distortion significantly decouples observed reputation 
from true quality, leading to welfare losses and eroding trust in the reputation system. 
This systematic bias requires targeted interventions to mitigate the negative effects.

Finding 2  The prevalence and impact of fake reviews are driven by a dynamic equi-
librium between the marginal benefit of manipulation and the marginal cost of detec-
tion. Recent evidence on generative artificial intelligence supports Proposition  4 
(Artificial Intelligence), indicating that technological advancements significantly 
lower the cost of creating fake reviews. This shifts the equilibrium toward higher 
levels of systematic bias, requiring similar scaling of platform detection capabilities.

Finding 3  Mitigation strategies for fake reviews involve inherent trade-offs consis-
tent with Proposition 1 (Trade-offs). While interventions such as verified-purchase 
requirements and algorithmic detection effectively reduce the mean shift, they may 
inadvertently increase variance (Var[εit ]) by reducing the sample size or excluding 
legitimate reviews, thereby potentially creating new selection bias. While the mean 
may become more accurate, the precision of the reputation signal may decline. Con-
sequently, optimal platform design requires balancing the reduction of systematic 
bias against the preservation of signal precision and participation levels, rather than 
minimizing a single distortion in isolation.

3.1.2  Rebate-for-review programs

Sellers also influence reputation by offering reviewers discounts, a practice often 
legal under certain conditions. If the discount is unconditional, that is, if it is granted 
regardless of whether the review is positive, many platforms allow such incentivized 
reviews because they do not consider them misleading. Unconditional rebates reduce 
the incentive to inflate ratings because reviewers know they will receive the discount 
regardless of review valence. This makes them less likely to distort reputation than 
conditional rebates. For example, the online marketplace Taobao uses a rebate-for-
review program designed specifically to help new products collect early reviews, 
thereby helping to overcome the “cold-start” problem. New sellers, especially those 
competing against established rivals with many positive reviews, struggle to generate 
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the initial sales needed to receive reviews. By offering discounts, new entrants can 
encourage buyers to leave reviews by reducing their effective purchase price. The 
design and functioning of such programs are described by Li [88], Li and Xiao [87] 
and Li et al. [83].

Within the conceptual framework, rebate-for-review programs represent a com-
plex intervention designed to increase the number of reviews and are potentially use-
ful for correcting selection bias (Sect.  3.4), which itself causes a violation of the 
Mean Condition (E[εit] ̸= 0) by excluding reviewers with certain predispositions. By 
incentivizing participation, these programs aim to restore the representativeness of 
the sample. However, they introduce a secondary risk: the incentive itself may induce 
reciprocal behavior, where reviewers feel obligated to provide positive feedback as a 
response to receiving a rebate, thereby shifting E[εit] upward. This tension illustrates 
how interventions targeting one bias source may inadvertently activate another.

Rebate-for-review programs have been investigated in the empirical litera-
ture. Table 2 summarizes the empirical literature on such programs, differentiating 
between empirical studies that rely on field data or field experiments and those that 
rely on laboratory or online experiments and surveys. The remainder of this section 
summarizes these empirical findings.

If such a program is managed by a third party, typically the platform operator, 
reviewers can provide more honest feedback without fearing that a negative review 
will disqualify them from the discount. As explained by Li et al. [83], reviewers often 
have implicit incentives to avoid writing negative reviews when the seller controls 
the discount payment because they may worry that a negative review will not be 
rewarded. Consequently, reviewers may inflate ratings when discounts are admin-
istered by the seller. High-quality sellers, however, have a long-term incentive to 
offer unconditional discounts because the resulting truthful reviews help signal their 
superior quality. In contrast, low-quality sellers would expect negative reviews under 
an unconditional scheme and therefore have no incentive to offer such discounts 
because they are costly and do not offer a reward in terms of positive reviews. This 
equilibrium is described by Li et al. [83].

Empirical evidence, however, suggests that rebate-for-review programs may gen-
erate biased reviews due to reciprocal behavior. Cabral and Li [89] find using eBay 
data that reviewers who receive a discount tend to reciprocate by posting more posi-
tive reviews, even for low-quality products. Garnefeld et al. [92] reach the same 
conclusion in an experiment with participants recruited on Amazon Mechanical Turk. 
Park et al. [91] show with Amazon data that disclosing that a review was incentiv-
ized does not reduce this tendency toward positivity. In contrast, Fradkin and Holtz 
[90] find using Airbnb data that incentivized reviews can actually be more nega-
tive, suggesting that offering incentives decreases transaction quality. Li and Xiao 

Table 2  Overview of empirical studies on rebate-for-review programs
Studies
F: Cabral and Li [89], Fradkin and Holtz [90], Li et al. [83] and Park et al. [91]
L: Garnefeld et al. [92], Koukova et al. [93] and Li and Xiao [87]
F: Studies based on field data or field experiments; L: Studies based on laboratory or online experiments 
and surveys
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[87] find using experimental data that rebates increase review volume but also help 
reduce bias because reviewers’ reporting honesty is not affected by the rebate. More-
over, Koukova et al. [93] show in online experiments that requesting a conditional 
review can harm reputation compared to requesting an unconditional review. Taken 
together, these findings suggest that it remains unclear whether rebate-for-review 
programs systematically bias reviews upward, downward or not at all. This ambigu-
ity illustrates the dynamic predicted by Proposition 1 (Trade-offs). The net effect on 
E[εit] depends on whether the reduction of selection bias (improving accuracy) or the 
induction of reciprocal behavior (distorting accuracy) dominates. Consequently, the 
outcome is highly context-dependent, varying by platform design, the entity manag-
ing the rebate (seller vs. platform) and the product type. This supports the proposi-
tion that isolated interventions often yield mixed results. Design interventions must 
be carefully calibrated to ensure that the correction of one distortion does not trigger 
another.

The findings from the literature on rebate-for-review programs can be summarized 
as follows:

Finding 4  Rebate-for-review programs serve as a structural intervention to correct 
selection bias by incentivizing participation from underrepresented customer seg-
ments, thereby addressing the non-representative sample that causes a violation of 
the Mean Condition (E[εit ] ̸= 0 ). Empirical evidence confirms that such programs 
effectively increase review volume and help new sellers overcome the cold-start prob-
lem, improving the representativeness of the reputation signal.

Finding 5  However, the net effect of rebate-for-review programs on reputation 
accuracy is contingent on design specifics, illustrating the trade-offs predicted by 
Proposition 1 (Trade-offs). While unconditional rebates managed by neutral par-
ties can reduce selection bias without distorting valence, seller-managed or condi-
tional incentives can induce reciprocal behavior, shifting E[εit ] upward regardless 
of true quality. Consequently, the literature reports mixed results: some studies find 
improved signal accuracy due to reduced selection bias, while others find reduced 
accuracy due to introduced reciprocity bias. This highlights that interventions target-
ing one source of mean shift may inadvertently activate another.

3.2  Bias due to strategic considerations of the reviewers: reciprocity in two-sided 
reputation systems

Biases in reviews can arise from reviewers’ strategic considerations, particularly 
when reciprocity influences the review process. Some platforms implement two-
sided reputation systems, allowing buyers and sellers to review each other. In such 
systems, reviewers may adjust their ratings based on anticipated responses from 
their counterpart. Specifically, reviewers may post exclusively positive reviews even 
when dissatisfied with a transaction to avoid retaliation, such as receiving a negative 
review in return. Consequently, reviewers may adopt strategies of reciprocating posi-
tive reviews with positive responses and negative reviews with negative responses, 
regardless of their true level of satisfaction. This behavior can reduce the informative-
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ness of reviews and potentially decrease market efficiency. This has been investigated 
in detail, for instance, by Bolton et al. [19] and Fradkin et al. [94]. Within the con-
ceptual framework, the fear of retaliation or the desire to reward leads to a systematic 
upward shift in the mean error term (E[εit] > 0), violating the Mean Condition. This 
requires structural interventions such as simultaneous reveal to mitigate the bias.9

Two-sided reputation systems are particularly useful when adverse selection or 
moral hazard exists on both sides of a market. In most modern online marketplaces, 
the risk of moral hazard on the buyer side is limited, as platforms ensure that buyers 
complete payments during the order process. However, the platform cannot fully 
guarantee the quality or honesty of sellers’ actions, making reputation systems criti-
cal on the seller side. In peer-to-peer markets, such as Airbnb or the earlier version 
of eBay, adverse selection or moral hazard may exist on both market sides. In these 
cases, two-sided reputation systems can provide valuable information about both par-
ties that would otherwise be unavailable.

Table 3 summarizes the main aspects investigated in the literature on reciprocity. 
The literature is grouped by the focus of the studies, which loosely follows the ante-
cedent-consequence-intervention framework by Wu et al. [6]. The table differentiates 
between empirical studies that rely on field data or field experiments and those that 
rely on laboratory or online experiments and surveys. The remainder of this section 
summarizes key empirical findings in the order of the questions from the table.

9 It should be noted that reciprocal considerations can also affect reviews through other channels than 

mutual reviews, such as reviewers showing a more positive attitude after receiving a discount for writing 
a review (see Sect. 3.1.2). Another related form of reciprocity has been studied by Proserpio et al. [95], 
who examine the sharing economy using data from the accommodation platform Airbnb. In their study, 
reciprocity is defined as the “tendency of market participants to respond to good (bad) behavior with 
good (bad) behavior” [95, p. 372]. In contrast to two-sided reputation systems, their focus is on the effort 
contributed by transaction partners. For instance, Airbnb hosts may provide extra services such as meals, 
and guests may leave the accommodation in a clean state. Proserpio et al. [95] find a positive correlation 
between ratings and their reciprocity measure, proxied by the length of textual reviews. However, this 
section only considers reciprocity in two-sided reputation systems.

Focus of analysis Studies
When and why does reciproc-
ity affect reviews?

F: Bolton et al. [19], Cabral and 
Hortaçsu [96], Dellarocas and 
Wood [97], Fradkin et al. [94], 
Jian et al. [98], Klein et al. [17, 18, 
99], Li [100], Proserpio et al. [95] 
and Resnick and Zeckhauser [4]
L: Bolton et al. [19]

What are the consequences 
of reciprocity in reputation 
systems?

F: Bolton et al. [19, 101], Fradkin 
et al. [94] and Klein et al. [18, 99]

L: Bolton et al. [19, 101]
What are suitable reactions 
to reciprocity in reputation 
systems?

F: Bolton et al. [19], Fradkin et al. 
[94] Hui et al. [102] and Klein et 
al. [17, 18]
L: Bolton et al. [19]

Table 3  Overview of empirical 
studies on reciprocity

F: Studies based on field data 
or field experiments; L: Studies 
based on laboratory or online 
experiments and surveys
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In two-sided reputation systems, reciprocity can influence reviewers’ incentives. 
A well-studied example is eBay’s reputation system, which has undergone several 
changes over time. Klein et al. [17] provide a detailed history of these developments. 
Until May 2007, eBay’s reputation system allowed buyers and sellers to review each 
other, providing positive, neutral or negative ratings along with textual feedback. 
Reviews were immediately posted and visible on the website, and removal was only 
possible through a court ruling or mutual agreement between buyer and seller.

To address issues of retaliation for negative feedback, eBay introduced detailed 
seller ratings in May 2007, in addition to the existing two-sided system. Buyers could 
rate sellers on multiple aspects of the transaction, including accuracy of item descrip-
tion, communication, shipping speed and shipping charges, using a one-to-five star 
scale. These detailed ratings remained anonymous and were reported on the web-
site only as aggregates [17]. This system is referred to as eBay’s interim reputation 
system.

In May 2008, eBay again modified its system, making it effectively one-sided. 
Sellers could only provide positive feedback about buyers or abstain from feedback 
entirely. The goal was to eliminate the possibility of retaliation for negative buyer 
reviews [17]. This version is referred to as eBay’s new reputation system.

The vast majority of feedback on eBay is positive—over 99%—which likely does 
not reflect actual user satisfaction. For example, in 2004, 16% of consumer fraud 
complaints at the Federal Trade Commission were related to internet auctions [97, p. 
460]. Dellarocas and Wood [97] attribute this discrepancy largely to reciprocal con-
siderations in the old two-sided feedback system. They propose a method that esti-
mates the probability that each feedback type (positive, neutral or negative) reflects 
the true (unobserved) satisfaction of buyers and sellers. Their approach considers the 
timing of feedback and instances where only one party provides a review. Applying 
this method to eBay data, they estimate that buyers were satisfied in only 78.9% of 
transactions, suggesting underreporting of neutral and negative experiences. Simi-
larly, Li [100] concludes from eBay data that the fear of retaliation may drive review-
ers not to post a review.

Bolton et al. [19] find that approximately 70% of traders leave feedback, which 
is consistent with other studies. Their analysis of data from the old eBay reputation 
system shows that buyers and sellers are more likely to provide feedback if their 
counterpart has already done so, with an effect stronger for sellers. They also observe 
a high positive correlation between buyer and seller feedback, with 85% of seller 
feedback responding to negative buyer feedback being negative. They conclude that 
“sellers reciprocate positive feedback and ‘retaliate’ for negative feedback” [19, p. 
268], sometimes under the influence of “emotional arousal.” Retaliation may deter 
future negative reviews.

Other studies offer complementary insights. For example, Resnick and Zeckhauser 
[4] find a high correlation between buyer and seller ratings. Klein et al. [99] report 
that 71% of positive feedback is reciprocated, while only 37% of negative feedback 
triggers retaliation. Cabral and Hortaçsu [96] find that nearly one quarter of negative 
or neutral reviews are followed by retaliatory reviews, with retaliation more likely 
for negative reviews (40%) than neutral ones (10%), suggesting structural flaws in 
the old system. Jian et al. [98] find using eBay data that buyers and sellers use a 
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reciprocity strategy in more than 20% of reviews. However, they also conclude that 
experienced reviewers tend to use this strategy less often.

While retaliatory feedback is relatively rare—covering less than 1.2% of mutual 
feedback [19]—its effects are amplified because buyers strategically adjust their 
feedback to avoid retaliation. Klein et al. [18] find that the share of positive reviews 
decreased slightly with the introduction of the interim system, though not signifi-
cantly, indicating that reducing the threat of retaliation made reviews more informa-
tive and truthful.

Klein et al. [99] analyze strategic timing in feedback provision using data from 
eBay’s old two-sided reputation system. They argue that reviewers who intend to 
leave positive feedback have an incentive to post early in order to maximize the like-
lihood of receiving positive reciprocal feedback. By contrast, reviewers who intend 
to leave negative feedback have an incentive to delay posting as long as possible 
to reduce the risk of retaliation. In some cases, dissatisfied users may avoid leav-
ing feedback altogether out of fear that a negative review will trigger a retaliatory 
response. Consistent with these predictions, they find that positive feedback is pro-
vided earlier than neutral or negative feedback and that the likelihood of negative 
reviews increases toward the end of the feedback window. Bolton et al. [19] simi-
larly observe that in cases of mutual negative feedback, the second review tends to 
be posted shortly after the first, indicating strategic timing in response to negative 
ratings.

The strategic behavior of “feedback sniping” is investigated by Klein et al. [18]. 
Feedback sniping refers to waiting until the last possible moment before the feed-
back window closes, leaving the transaction partner no time to retaliate. Discussion 
forums suggest that users were aware of and discussed this strategy. However, Klein 
et al. [18] show that under eBay’s old reputation system, feedback sniping was not 
feasible in practice because the second reviewer always had enough time left to retal-
iate. Thus, reviewers had to anticipate the possibility of retaliation regardless of when 
they posted their feedback.

As noted earlier, in eBay’s old system, feedback removal was possible only if both 
parties agreed to withdraw their reviews or after a court ruling. Bolton et al. [19] find 
that retaliatory negative feedback increased the likelihood of such a mutual with-
drawal. Klein et al. [99] also find evidence that users employed feedback withdrawal 
strategically. A reviewer might retaliate with a negative review to strengthen their 
bargaining position during negotiations over mutual withdrawal. Although only 0.1% 
of reviews were withdrawn, one quarter of withdrawals occurred within two days 
after the second review was posted, indicating that feedback withdrawal was used as 
a bargaining tool. This possibility of renegotiation after feedback was posted reduced 
the reliability of the system.

The feedback withdrawal mechanism in eBay’s interim reputation system is fur-
ther analyzed by Bolton et al. [101]. They argue that the option to withdraw feedback 
can incentivize parties to leave negative feedback strategically in order to gain lever-
age in a potential dispute resolution phase. Using field data from eBay, they report 
that roughly 97% of feedback is positive, but negative feedback is substantially more 
likely to be withdrawn than positive or neutral feedback (16% of negative buyer feed-
back and 13% of negative seller feedback are withdrawn). Withdrawal procedures 
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are frequently initiated by the party that posted the second review when that review 
was a negative or neutral response to a similar review. In 39% of cases where nega-
tive feedback was retaliated with negative feedback, the feedback was subsequently 
challenged. However, they do not find that retaliatory negative feedback increases 
the likelihood of securing an agreement to withdraw ratings. They hypothesize that 
this may be because an initial truthful negative reviewer becomes more motivated 
to punish the other party once their truthful review is responded to with a retaliatory 
negative response.

Bolton et al. [101] complement the field evidence with a laboratory experiment in 
which buyers and sellers decide whether to transact, sellers choose quality and both 
parties submit positive or negative feedback. After feedback is revealed, parties may 
revise price or quality to benefit the counterpart. In treatments that allow feedback 
withdrawal, feedback can be removed only if both parties agree. The authors hypoth-
esize that the withdrawal option weakens incentives to provide truthful feedback and 
may escalate disputes rather than resolve them. Their findings mirror the field data. 
Retaliatory negative feedback does not increase bargaining power in securing with-
drawal. Instead, concessions, such as improving price or quality, are more effective 
at inducing the removal of negative reviews when no retaliatory feedback is given.

As emphasized by Dellarocas and Wood [97], these strategic dynamics can deter 
buyers from leaving justified negative feedback, especially if they believe the seller 
may respond with a negative review. If the seller refrains from leaving feedback first, 
the buyer may prefer not to post anything at all. Such behavior reduces the informa-
tiveness of the reputation system. When market participants can retaliate for negative 
ratings, reviewers may systematically avoid providing negative feedback, leading to 
an upward bias in observed ratings. This bias reduces market efficiency by making it 
more difficult for users to infer which sellers are trustworthy, ultimately undermining 
the value of the reputation system.

The role of reciprocity in review generation has been studied using eBay data 
[17–19, 96, 97, 99, 101, 102], using Airbnb data [94] and conducting laboratory 
experiments [19, 101].

Two approaches to address reciprocity have been suggested, for instance, by 
Bolton et al. [19]. The first is to make feedback visible to the transaction partner 
only after both parties have submitted their review or once the review window has 
closed. This design is commonly referred to as a “simultaneous reveal” system [11, 
p. 81] and constitutes a double-blind procedure. Addressing reciprocity requires this 
structural decoupling of the information flow. The second approach is to replace a 
two-sided reputation system with a one-sided one in which only buyers can post 
reviews. This eliminates the possibility of sellers retaliating through negative feed-
back. eBay implemented precisely this change when transitioning from its old to its 
new reputation system.

Bolton et al. [19] examine the effects of both approaches in a laboratory auction 
setting designed to resemble eBay’s reputation mechanism. The baseline treatment 
mirrors the original eBay system, and each of the two proposed adjustments is imple-
mented in a separate treatment. They report that the simultaneous-reveal mechanism 
reduces the correlation between buyer and seller feedback, although the correlation 
remains significantly above zero. Both treatments lead to more informative feedback 
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being displayed to buyers relative to the baseline. Simultaneous reveal also lowers 
review rates, rating levels and the correlation between ratings.

Hui et al. [102] analyze the consequences of eBay’s shift from the intermediate to 
the new reputation system, which eliminated sellers’ ability to post negative reviews 
about buyers and thereby aimed to remove the threat of retaliation. They examine 
how this change affects the quality supplied by sellers. Prior to the policy change, 
sellers retaliated with a negative review in more than one-third of cases in which 
they received a negative review from a buyer. Following the change, they document 
a 50% decline in negative reviews and a reduction in disputes initiated by buyers, 
which they interpret as evidence of improved buyer experience. Although the objec-
tive of the reform was to facilitate more honest buyer reviews, negative feedback 
became less common. Sellers now had to exert more effort to earn positive reviews 
in the absence of retaliation opportunities. They further observe reductions in moral 
hazard and adverse selection and that low-quality sellers were more likely to exit 
the market. eBay’s detailed seller ratings introduced in May 2007 were anonymous 
to sellers, removing the possibility of targeted retaliation. Mutual reviews formally 
remained possible until May 2008, when eBay eliminated them, leaving a one-sided 
system based solely on detailed seller ratings. Although retaliation persisted during 
the transition period, buyers submitted fewer negative reviews after the removal of 
two-sided reviews in 2008.

Klein et al. [17] study the same policy shift from the intermediate to the new 
eBay system, focusing particularly on the elimination of sellers’ ability to retaliate. 
They argue that the reform reduced buyers’ costs of providing negative feedback by 
removing retaliation risk, and they document increased market transparency con-
sistent with more efficient market outcomes. They find that the 2008 change led to 
a significant rise in buyers’ reviews and interpret this as evidence supporting the 
hypothesis that disabling negative feedback from sellers and removing retaliatory 
possibilities increases review activity. They do not, however, identify a significant 
increase in seller exit rates following the reform.

Fradkin et al. [94] investigate a similar question using data from a field experi-
ment on Airbnb to examine how the timing of review visibility in two-sided reputa-
tion systems affects reciprocity. Airbnb operates a two-sided system in which guests 
and hosts review each other. The authors use a treatment closely resembling the 
double-blind design evaluated by Bolton et al. [19], applied to Airbnb’s pre-2014 
system in which reviews were posted immediately, allowing a second reviewer to 
retaliate. They report that simultaneous reveal reduces the time taken to post a review 
by 17% for guests and by 9.9% for hosts and increases review rates by 1.7% and 
9.8%, respectively. They attribute these changes to a “desire to unveil reviews” [94, 
p. 1020], driven by curiosity or a desire to make reviews visible to future partners 
sooner. They further document a 35% reduction in the time between the first and 
second review, slightly more negative reviews in the treatment and a 48% decline in 
the correlation between guest and host ratings. They find no effect of the treatment 
on demand and do not identify evidence of improved matching, although they note 
that the limited duration of the experiment may explain this. They also do not find 
reduced demand for low-quality sellers. Evidence from Bolton et al. [19], Fradkin 
et al. [94] and Klein et al. [18] suggests that reviews should be made visible only 
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once no additional reviews can be submitted, thereby eliminating opportunities for 
reciprocal behavior.

Luca [11] argues that even under simultaneous reveal, strategic considerations may 
still discourage buyers from posting negative reviews if doing so might reduce their 
attractiveness as future trading partners. He therefore advocates for greater anonym-
ity, either by requiring anonymous reviews or by aggregating reviews. As an alterna-
tive, he suggests limiting visibility to the platform, which could then incorporate the 
feedback into its algorithms without exposing reviewers to strategic consequences.

Reciprocity distorts the distribution of posted reviews through two intercon-
nected mechanisms. The threat of retaliation leads to an underprovision of negative 
reviews, while the opportunity to reward leads to an overprovision of positive ones. 
Both induce a systematic upward bias in the mean (E[εit] > 0). Effective mitigation 
requires structural changes like simultaneous reveal or one-sided reviewing.

The evidence on reciprocity in reputation systems can be summarized as follows:

Finding 6  Reciprocity in two-sided reputation systems induces a systematic upward 
bias in the mean error term (E[εit ] > 0 ) driven by fear of retaliation or desire for 
reward.

Finding 7  Contemporary platform designs (e.g., Airbnb, modern eBay) have largely 
mitigated this bias through structural interventions such as simultaneous reveal or 
one-sided reviewing. The scarcity of recent empirical studies on active reciprocity 
suggests that these design features have been successful in reducing the bias, demon-
strating that structural changes can be effective in reducing bias.

3.3  Social influence bias: serial correlation of reviews

Social influence bias arises from serial correlation of reviews when reviewers are 
influenced by previously posted reviews. This phenomenon, commonly referred to as 
social influence bias, occurs when a reviewer’s intended rating is revised after being 
exposed to earlier reviews.10

Aral [105], Askalidis et al. [106] and Muchnik et al. [107] describe this process in 
detail. A reviewer may form an initial private evaluation of a product or service, but 
upon seeing existing reviews, may adjust the final rating to align more closely with 
what others have posted. A reviewer with a negative private opinion might adjust the 
rating upward after observing positive reviews, while a positive opinion might be 
downgraded. When such adjustments occur systematically, later reviews correlate 
with earlier ones, generating serial dependence in the data. This pattern reflects a 
broader tendency toward herding or conformity.

Within the conceptual framework, social influence bias represents a violation of 
the Independence Condition. Because a reviewer’s rating becomes dependent on pre-
viously posted ratings, the error terms exhibit serial correlation (Cov(εit, εis) ̸= 0 
for some t ̸= s). This error signature (serial correlation) has a critical implication 

10 In the literature, this phenomenon is also referred to as sequential bias for example, by Eryarsoy and 
Piramuthu [103] and Sikora and Chauhan [104].
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derived from Proposition 2 (Independence): unlike uncorrelated noise, this bias does 
not average out as the number of reviews (T) increases. Instead, the serial correlation 
reduces the effective sample size, meaning that adding more reviews yields diminish-
ing marginal returns in precision and can even amplify initial shocks through herding.

Interestingly, Rohde et al. [108] find in Google Maps reviews that reviewers’ effort 
when writing a review decreases with the number of existing reviews, but it is not 
affected by the difference between their own review and existing reviews.

Table 4 summarizes where certain aspects of this bias have been analyzed. The 
table differentiates between empirical studies that rely on field data or field experi-
ments and those that rely on laboratory or online experiments and surveys. The 
remainder of this section summarizes key empirical findings. In addition, Magnani 
[12] has surveyed selected aspects of the social influence bias with a focus on earlier 
studies.

The social influence bias has been empirically investigated using data from online 
marketplaces, review websites and experimental data. Askalidis et al. [106], Han and 
Anderson [109], Jacobsen [110], Moe and Trusov [112], Sikora and Chauhan [104] 
and Wang et al. [113] use data from online retailers or review websites to analyze the 
social influence bias. Han and Anderson [109] use Tripadvisor data and show that 
prominently displayed prior reviews have a stronger influence. Correlation reduces 
quickly with display order and becomes negligible by the third visible review. Jacob-
sen [110] finds that customer reviews correlate with preceding expert ratings, sug-
gesting imitation or anchoring effects. Karaman [111] concludes from hotel review 
data that social influence can lead to more representative reviews due to conformity 
of reviewers.

Furthermore, experimental evidence is used to investigate the bias. Muchnik et al. 
[107] conduct a field experiment on a social news platform in which the first rating 
is artificially manipulated. A positive initial rating increases the probability of subse-
quent positive ratings by 32%. Negative initial ratings induce more negative ratings, 
but this effect is partially offset by an increase in positive ratings. The authors also 
show that susceptibility to influence varies by content type, a result that is plausibly 
generalizable to product reviews. Additional experiments and surveys (e.g., Eryarsoy 
and Piramuthu [103], Krishnan et al. [114] and Schlosser [115]) detect serial correla-
tion, particularly for negative reviews.

The presence of social influence bias threatens the reliability of reputation systems 
by distorting the distribution of posted ratings, potentially leading consumers toward 

Focus of analysis Studies
Studies on the social 
influence bias

F: Askalidis et al. [106], Han and Anderson 
[109], Jacobsen [110], Karaman [111], Moe 
and Trusov [112], Rohde et al. [108], Sikora 
and Chauhan [104] and Wang et al. [113]
L: Eryarsoy and Piramuthu [103], Krishnan 
et al. [114], Muchnik et al. [107] and 
Schlosser [115]

Ways to reduce the 
social influence bias

F: Aral [105], Askalidis et al. [106], Gao 
et al. [116], Han and Anderson [109] and 
Jacobsen [110]

Table 4  Overview of empirical 
studies on the social influence 
bias

F: Studies based on field data 
or field experiments; L: Studies 
based on laboratory or online 
experiments and surveys
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suboptimal purchase decisions. Several mitigation strategies have been proposed. 
A common approach is to hide previous reviews during the review-writing process. 
Variants include temporary hiding (e.g., Reddit hides ratings for a short time to pre-
vent rating cascades [105]) or complete hiding until submission, as recommended 
by Askalidis et al. [106], Han and Anderson [109] and Jacobsen [110]. This mitiga-
tion strategy directly addresses the mechanism identified in Proposition 2 (Indepen-
dence). By hiding prior reviews, the platform structurally decouples the current error 
term εit from previous ones εi,t−1, thereby restoring independence. This confirms 
the proposition’s prediction that biases rooted in serial correlation require structural 
interventions restoring independence rather than simple aggregation, which would 
be ineffective against correlated errors. Empirical studies show that hiding previ-
ous reviews, such as through email-invited reviews submitted on dedicated land-
ing pages, significantly reduces the influence of earlier ratings. Askalidis et al. [106] 
demonstrate that invited reviews, in which reviewers cannot see prior reviews, are 
more positive on average. Because reputation systems often combine invited and 
organic reviews, such interventions reduce but do not eliminate social influence 
bias. Gao et al. [116] similarly find using Tripadvisor data that solicitation programs 
increase review volume but reduce organic reviews; solicited reviews tend to have 
higher ratings.

A key limitation of these mitigation strategies is that earlier reviews may still influ-
ence reviewers indirectly if they recall them from the purchase stage. The effective-
ness of hiding prior reviews thus depends on the time elapsed between purchase and 
review-writing.

Social influence bias systematically affects the reputation signal. While it can 
induce a mean shift (E[εit] ̸= 0), its defining characteristic is the introduction of 
serial correlation (Cov(εit, εis) ̸= 0 for some t ̸= s), violating the Independence 
Condition. This confirms the insight from Proposition 2 (Independence): because the 
error terms are correlated, increasing the volume of reviews does not restore accu-
racy. The effective sample size remains lower than the observed count. The direction 
of the mean shift is ambiguous and context-dependent, but the presence of correlation 
is systematic. Therefore, effective mitigation must prioritize structural independence 
(e.g., blinded reviews) over participation incentives, as the latter cannot correct for 
the redundancy inherent in herding behavior.

The findings from the literature on the social influence bias can be summarized as 
follows:

Finding 8  Social influence bias represents a systematic violation of the Indepen-
dence Condition, where review visibility induces serial correlation in the error term 
(Cov(εit , εis) ̸= 0  for some t ̸= s). Empirical evidence confirms that this correlation 
causes ratings to converge toward prior reviews (herding), reducing the effective 
sample size and preventing errors from averaging out with increased sample size. 
This validates the framework’s assertion that biases rooted in serial correlation can-
not be mitigated by simply increasing review volume, as additional data points are 
often redundant rather than independent.
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Finding 9  As suggested by Proposition 2 (Independence), mitigation strategies that 
structurally restore independence, such as hiding prior reviews during submission 
(blinded reviews) or using simultaneous reveal mechanisms, substantially reduce 
social influence bias. The effectiveness of these mitigation strategies depends on the 
completeness of the information barrier, highlighting the challenge of achieving true 
independence in practice, and on whether blinding reviews affects participation.

3.4  Selection bias: endogenous review provision

Selection bias arises when the set of posted reviews is not representative of the 
underlying population of buyers. This selection bias occurs when review provision is 
endogenous, as only some buyers choose to leave a review, and their decision corre-
lates with their underlying transaction experiences. For example, satisfied buyers may 
be more inclined to submit reviews, whereas dissatisfied buyers may remain silent 
or direct their complaints to customer service rather than posting a public review. 
As a result, reviews may not reflect the distribution of experiences in the broader 
customer population, and prospective consumers may base purchasing decisions on 
incomplete or distorted information. Empirical evidence shows that most online rat-
ings are highly positive, with few negative and almost no moderate evaluations [see 
4, 97, 106]. However, Karaman [111] finds using hotel reviews that very unsatisfied 
customers post reviews more often than very satisfied ones. Moreover, as noted by Li 
and Hitt [117], early adopters may differ systematically from later customers, further 
complicating inference.

Within the conceptual framework, selection bias represents a structural violation 
of the Mean Condition. Because the sample of reviewers is non-representative, the 
expected value of the error term deviates from zero (E[εit] ̸= 0), not because indi-
vidual reviews are manipulated, but because reputation is based on a skewed subset 
of data. It is an endogeneity problem where the probability of posting a review is 
correlated with the error term itself. Correcting this requires shifting the composition 
of the sample rather than just filtering existing data.

Selection bias, also referred to as reporting bias [97], captures the divergence 
between publicly posted reviews and the private distribution of realized transaction 
outcomes. Two mechanisms generate this bias. The first is acquisition bias: reviews 
are written only by consumers who purchased the product, and those purchasers may 
already hold more favorable prior beliefs than non-purchasers. The second is under-
reporting bias: consumers with extreme experiences are more likely to post reviews 

Focus of analysis Studies
Studies on the selec-
tion bias

F: Dellarocas and Wood [97], Fradkin 
and Holtz [90], Gao et al. [119], Hu et al. 
[118], Karaman [111] and Li and Hitt [117]

Ways to reduce the 
selection bias

F: Askalidis et al. [106], Fradkin and Holtz 
[90], Gao et al. [116], Han and Anderson 
[120], Han and Mikhailova [121], Hu et 
al. [118], Karaman [111] and Wang and 
Anderson [122]

Table 5  Overview of empirical 
studies on the selection bias

F: Studies based on field data 
or field experiments; L: Studies 
based on laboratory or online 
experiments and surveys
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than those with moderate opinions. Detailed analyses of these mechanisms are pro-
vided in Gao et al. [119], Han and Anderson [120] and Hu et al. [32, 118].

Table 5 summarizes empirical work that examines the existence and consequences 
of selection bias and evaluates approaches for mitigating it. The table differentiates 
between empirical studies that rely on field data or field experiments and those that 
rely on laboratory or online experiments and surveys. Magnani [12] has surveyed 
selected aspects of selection bias with a focus on earlier studies.

This bias has been investigated using data from eBay [97], Amazon [117, 118], 
online retailers [106] and physician review data [119]. Additionally, studies have ana-
lyzed review data from the hospitality industry, specifically Airbnb [90], and hotels 
[111, 116, 120–122], for example, from hotel review platform Tripadvisor.

Fradkin and Holtz [90] use Airbnb data to study how incentivized review solicita-
tion affects selection. In a field experiment, the treatment group received coupons for 
reviewing properties with no existing reviews, while the control group did not. The 
incentive increased review volume, but the resulting reviews were more negative on 
average than organically posted reviews. The authors find no impact on sales, likely 
because the increase in review quantity was offset by the more negative ratings. They 
conclude that incentivized reviews convey less information about actual transaction 
quality.

Selection bias can reduce the informativeness of reputation systems for both buy-
ers and sellers. When reviews are disproportionately positive or negative, the result-
ing bimodal distribution undermines the usefulness of average ratings as summary 
statistics [32, 118]. These studies recommend providing alternative summary mea-
sures to help consumers form more accurate expectations.

Several design interventions aim to reduce selection bias by increasing review 
coverage. Askalidis et al. [106], Fradkin and Holtz [90] and Luca [11] study email 
invitations that encourage customers who have not yet posted reviews to contribute. 
While such invitations can increase review volume and attract otherwise underrepre-
sented reviewers, Fradkin and Holtz [90] find that they may reduce transaction qual-
ity on Airbnb. Gao et al. [116] similarly show that solicitation programs increase total 
review counts but reduce the share of organic reviews which tend to be more positive.

Han and Anderson [120] find that selection bias diminishes as reviewers become 
more familiar with the mechanics of the review-posting process. Wang and Anderson 
[122], using hotel review platforms, demonstrate that platform design, particularly 
the effort required to post a review, influences the degree of selection bias. Certain 
design features lead to shorter and more negative reviews on transaction-based web-
sites such as Expedia, while community-driven sites like Tripadvisor exhibit different 
patterns.

Karaman [111] concludes from hotel review data that inviting customers to review 
leads to more moderate postings, thereby reducing rating extremity and improving 
representativeness.

Li and Hitt [117] show that sellers may strategically leverage selection bias by 
encouraging reviews from customers who are likely to be positively predisposed, 
thereby attracting additional buyers. Finally, Han and Mikhailova [121] demon-
strate how propensity-score adjustments can be used to correct for selection bias and 
improve the reliability of posted reputation measures.
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Selection bias arises when endogenous review provision leads to a non-represen-
tative sample, systematically violating the Mean Condition (E[εit] ̸= 0). Unlike ran-
dom noise, this bias cannot be averaged out by simply collecting more data from the 
same self-selected population. The underlying distribution remains skewed. Mitiga-
tion strategies such as solicitation programs aim to correct this by altering sample 
composition. However, as highlighted by Proposition 1 (Trade-offs), these interven-
tions involve inherent trade-offs: increasing participation to improve representative-
ness may simultaneously reduce review precision (increasing variance) or induce 
strategic behavior (introducing new mean shifts). Therefore, effective design must 
carefully consider incentives to maximize representativeness without triggering sec-
ondary distortions.

The findings on selection bias can be summarized as follows:

Finding 10  Selection bias arises from the endogenous nature of review provision, 
where the subset of participating reviewers is non-representative of the overall cus-
tomer population. This structural imbalance violates the Mean Condition (E[εit ] ̸= 0
), causing observed reputation to diverge from the true distribution of transaction 
experiences. Empirical evidence confirms that this bias persists regardless of the 
total number of reviews, as increasing volume from a self-selected sample does 
not automatically correct the underlying non-representativeness in the error term’s 
expected value.

Finding 11  Interventions designed to mitigate selection bias, such as solicitation 
programs or financial incentives, illustrate the trade-offs predicted by Proposition 1 
(Trade-offs). While these measures successfully increase participation and improve 
sample representativeness (correcting the mean shift), they often inadvertently intro-
duce secondary distortions: incentives may induce reciprocal behavior (shifting the 
mean again) or encourage low-effort reviews (potentially increasing variance). Con-
sequently, the net effect on reputation accuracy is context-dependent, demonstrating 
that correcting one violation often requires balancing competing influences rather 
than applying a universal solution.

3.5  Bias due to noise

Biases can arise from noise if the noise is systematic such that the error term satisfies 
E[εit] ̸= 0. Buyers generate noisy reviews when they misunderstand what exactly 
they are asked to evaluate. For instance, Belleflamme and Peitz [20] and Tadelis [2] 
note that consumers often confuse product satisfaction with their experience of deliv-
ery or interaction with the seller.

Within the conceptual framework, noise primarily represents a violation of the 
Variance Condition. Random noise maintains an expected value of zero but inflates 
the variance (Var[εit]). This reduces the precision of the reputation signal, making 
it a less efficient estimator of true quality. However, if the noise is systematic (e.g., 
consistent confusion about delivery vs. product or a shock uniformly affecting all 
reviews), it can also violate the Mean Condition. This distinction is critical for detect-
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ing the distortions and selecting mitigation strategies, as addressed in Proposition 3 
(Detection).

The empirical literature has investigated noise in reputation systems. Table 6 sum-
marizes where different aspects of this bias have been studied. The table differentiates 
between empirical studies that rely on field data or field experiments and those that 
rely on laboratory or online experiments and surveys. The remainder of this section 
discusses this literature in more detail.

A first source of noise stems from buyers’ idiosyncratic tastes. Reviews may 
reflect horizontal product characteristics, such as color preferences, rather than verti-
cal characteristics related to objective quality. As Belleflamme and Peitz [20, p. 54] 
put it, “a reviewer may give a negative product rating because they do not like the 
color of the product,” even though such subjective attributes are not informative for 
all (potential) buyers.

A second source of noise arises from shocks outside the seller’s control. These 
shocks may lead a reviewer to provide a rating that is unrelated to the seller’s or 
product’s true quality. Examples include delays caused by transport companies or 
a reviewer being in a bad mood while writing the review. Belleflamme and Peitz 
[20] note that the influence of such (random) shocks tends to diminish when many 
reviews are available. Brandes and Dover [123] provide an empirical investigation of 
such shocks. They show that hotel ratings are correlated with weather at the review-
er’s home address at the time the review is written. Rain increases the likelihood of 
review provision and decreases the rating even though the weather is unrelated to the 
completed hotel stay. Hence, systematic noise (provision of lower ratings when it 
rains) may even appear together with selection bias (more ratings of people who tend 
to provide lower ratings; see Sect. 3.4 for selection bias).

Price variation introduces another form of noise. Buyers often condition their rat-
ings on the price they paid. Thus, the same product may be reviewed differently 
depending on the transaction price, even if the underlying quality is identical. Luca 
and Reshef [58] analyze Yelp data and find that a 1% increase in prices reduces 
ratings by 2.5% to 5%. Ratings for cheap and expensive restaurants exhibit simi-
lar distributions once price differences are accounted for, indicating that consumers 
implicitly adjust for perceived value. The authors caution that consumers interpreting 
ratings must be aware of historical price effects. They also note that firms may exploit 
this mechanism by offering low introductory prices to accumulate favorable reviews 
before raising prices.

Laboratory evidence further illustrates how users process noisy information. Gre-
iff and Paetzel [124] conduct an experiment with a public good game where subjects 
rate their partner’s contribution. Since these ratings reflect subjective assessments of 
contributions, they inherently include noise. The authors vary the granularity with 

Table 6  Overview of empirical studies on noise
Studies
F: Brandes and Dover [123] and Luca and Reshef [58]
L: Greiff and Paetzel [124]
F: Studies based on field data or field experiments; L: Studies based on laboratory or online experiments 
and surveys
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which participants see reputation information. Some treatments display only the most 
recent rating, others display ratings from the last three periods and some also pres-
ent the average of these three ratings. They find that average ratings lead subjects to 
rely more strongly on their partner’s reputation and to contribute significantly more 
(by about 50%). Importantly, these effects occur only when the platform explicitly 
displays the average. Simply providing the information needed to compute the aver-
age does not generate the same effects. Their findings indicate that aggregation, such 
as displaying average ratings, can mitigate noise and improve user decision-making.

This finding provides empirical validation for Proposition  3 (Detection). The 
proposition posits that variance-inflation biases require context-aware aggregation 
rather than outlier detection. By explicitly displaying the average, the platform lever-
ages the Law of Large Numbers to cancel out the random error terms (εit), effectively 
restoring precision. Conversely, applying outlier detection algorithms to this type of 
high-variance data with the undistorted mean error term would be counterproductive, 
potentially removing valid signals and reducing the effective sample size.

To address noise arising from attribute confusion, many platforms have imple-
mented structural separations of different review dimensions. A prominent example 
is Amazon’s separation of product reviews from seller reviews. By forcing users to 
evaluate product quality and logistics or service in separate fields, the platform pre-
vents errors in one domain (e.g., a delayed shipment caused by a third-party carrier) 
from impacting the signal for the other (e.g., the intrinsic quality of the product). 
This design intervention directly targets the Mean Condition: it ensures that E[εit] 
for product quality remains zero even when logistics fail, effectively filtering out 
systematic bias at the source. Similarly, hospitality platforms like Booking.com often 
separate scores for cleanliness, location and staff from the overall evaluation. This 
granularity allows users to isolate vertical quality signals from horizontal preferences 
or contextual shocks, reducing the variance attributable to mismatched expectations. 
These design choices illustrate that mitigating noise can be achieved by altering the 
data collection mechanism.

Beyond simple arithmetic means, modern platform designs employ more sophis-
ticated aggregation methods to manage noise. Displaying the full distribution his-
togram of ratings alongside the average allows users to visually assess the variance 
(Var[εit]). A bimodal distribution (e.g., many 5-star and 1-star reviews) signals high 
variance and potential polarization or systematic confusion, warning the user that the 
average may be a poor predictor of their individual experience. This could be further 
refined by using weighted aggregation, where reviews from users with established 
expertise or long tenure are given more weight. While this introduces complexity, it 
effectively reduces the noise contribution from inexperienced or erratic reviewers. 
Additionally, the rise of contextual filtering allowing users to sort reviews by specific 
use cases (e.g., “traveling with family” or “business trip”) enables a form of user-
driven variance reduction. By self-selecting into a relevant subgroup, the consumer 
effectively reduces the error variance relative to their specific utility function. These 
features collectively validate Proposition 3 (Detection): they represent context-aware 
tools designed specifically to handle high-variance environments, distinct from the 
outlier-detection tools used for mean-shift biases.
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Noise presents a dual challenge. When random, it violates the Variance Condi-
tion (Var[εit] is high), reducing signal precision without introducing systematic bias 
(E[εit] = 0). In this case, Proposition 3 (Detection) suggests that aggregation is a 
suitable remedy. However, when noise is systematic (e.g., due to persistent misun-
derstandings or price-value confusion), it also violates the Mean Condition, requiring 
targeted interventions such as clarifying evaluation criteria. Distinguishing between 
these two forms is essential: treating systematic noise as mere variance leaves the 
bias uncorrected, while treating random noise as systematic leads to unnecessary 
information loss.

The findings on biases due to noise in reputation systems can be summarized as 
follows:

Finding 12  Noise in reputation systems appears in two distinct forms with different 
signatures: random noise, which violates the Variance Condition (Var[εit ] is high) 
while leaving the mean unbiased (E[εit ] = 0 ), and systematic noise, which also vio-
lates the Mean Condition. Empirical evidence confirms that random noise arises from 
idiosyncratic tastes, contextual shocks or misunderstandings, reducing the precision 
of the reputation signal without necessarily introducing a directional mean shift. 
This distinction is critical, as it dictates that random noise can be mitigated through 
aggregation, whereas systematic noise requires targeted structural interventions.

Finding 13  The effectiveness of mitigation strategies depends on correctly identify-
ing the noise type, validating Proposition 3 (Detection). For random noise, empirical 
studies show that explicit aggregation (e.g., displaying average ratings) significantly 
improves decision-making by leveraging the Law of Large Numbers to cancel out 
error terms. Conversely, applying outlier detection algorithms to high-variance but 
unbiased data risks removing legitimate signals, thereby reducing sample size and 
increasing error. For systematic noise (e.g., consistent confusion over delivery vs. 
product quality), clarification of evaluation criteria is required. This asymmetry 
underscores that a single tool cannot address all forms of variance inflation. Plat-
form design must match the specific properties of the distortion.

4  Structural synthesis and design implications

Section 3 documented empirical findings on five major sources of bias in isolation, 
summarized in Table 7. This section integrates those findings to analyze how biases 
interact and how interventions targeting one moment of the error term (mean, vari-
ance or correlation) can create distortions in others. By synthesizing the thirteen key 
findings from the literature, this section demonstrates that platform design is fun-
damentally a multi-objective optimization problem. The empirical evidence collec-
tively motivates the four propositions introduced in Sect. 2.4, revealing that biases 
are not isolated but interconnected constraints on reputation system design.

A primary insight emerging from the synthesis is the ubiquity of design trade-offs, 
which directly motivates Proposition 1 (Trade-offs). The literature shows that inter-
ventions designed to correct violations of the Mean Condition (E[εit] = 0) frequently 
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Source and 
type of bias

Main mechanism 
or cause

Typical effect 
on reputation 
system

Mitigation 
and design 
interventions

(i) Strategic 
action of 
sellers: fake 
reviews 
(Sect. 3.1.1)

Sellers post 
fake reviews to 
improve their own 
reputation (posi-
tive fake reviews; 
common) or harm 
their competitors’ 
reputation (nega-
tive fake reviews; 
less common)

Inflated rat-
ings, reduced 
reliability, 
decreased 
consumer 
trust; positive 
fake reviews: 
E[εit] > 0
; negative 
fake reviews: 
E[εit] < 0

Verified-
purchase 
reviews, 
detection 
algorithms, 
transpar-
ency, rating 
aggregation

(i) Strategic 
action of 
sellers: rebate-
for-review 
programs 
(Sect. 3.1.2)

Buyers receive 
unconditional re-
bate when posting 
a review

Helps to in-
crease number 
of reviews; 
effect on E[εit] 
is ambiguous

Enforce-
ment by 
a neutral 
party

(ii) Strategic 
action of 
reviewers: 
reciprocity 
(Sect. 3.2)

Reviewers adjust 
ratings based on 
fear of retaliation; 
E[εit] biased 
upward or down-
ward, depending 
on whether fear 
of retaliation or 
expectation of 
reward dominates

Inflated ratings 
in two-sided 
platforms: 
E[εit] > 0

One-
sided or 
simultane-
ous review 
policies, 
anonymity

(iii) Social 
influence bias 
(Sect. 3.3)

Reviewers are 
influenced by 
previously posted 
reviews

Serial correla-
tion of reviews 
Cov(εit, εis) ̸= 0 
for some t ̸= s
, poten-
tially causing 
E[εit] ̸= 0

Hiding prior 
reviews 
during post-
ing, delayed 
reveal

(iv) Selec-
tion bias 
(Sect. 3.4)

A non-representa-
tive subset of buy-
ers posts reviews 
(e.g., extreme 
experiences or 
pre-disposition)

Average ratings 
may not reflect 
true distribution 
of experiences; 
E[εit] ̸= 0 be-
cause of endog-
enous review 
provision

Solicitation 
programs, 
targeted 
email 
invitations, 
platform 
design 
adjustments

(v) Noise 
(Sect. 3.5)

Idiosyncratic 
preferences, 
misinterpretation, 
contextual shocks, 
price variation

Random noise: 
E[εit] = 0, but 
Var[εit] may 
be affected; sys-
tematic noise: 
E[εit] ̸= 0

Clarify 
evaluation 
criteria, 
aggregation 
of ratings

Table 7  Summary of biases in 
reputation systems
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exacerbate violations of the Variance Condition or introduce new structural biases. 
Findings on fake reviews confirm that while mitigation strategies like verification 
requirements effectively reduce mean-shift bias (Finding  1), they simultaneously 
reduce the sample size (T), thereby affecting the variance of the reputation signal and 
potentially worsening selection bias (Finding 3). A similar pattern appears in rebate-
for-review programs: while they can correct selection bias by improving representa-
tiveness (Finding 4), they often induce reciprocal behavior in response to the rebate 
received, shifting the mean upward regardless of quality (Finding 5). Likewise, inter-
ventions for selection bias illustrate that incentives can improve participation but 
risk introducing noise or strategic distortion (Findings 10 and 11). Even mitigation 
strategies for social influence involve trade-offs: although blinding reviews restores 
independence, they may alter participation rates (Finding 9). This recurring pattern 
across fake reviews, rebates, selection and social influence validates Proposition 1. 
Optimal platform design cannot minimize a single distortion in isolation but must 
balance competing objectives.

A second critical synthesis concerns the serial correlation of the error term, which 
motivates Proposition 2 (Independence). While biases like noise and selection can 
theoretically be mitigated by increasing the volume of reviews (thereby averaging 
out errors or diluting skewed samples), social influence operates differently (Find-
ing 8). Findings on social influence establish that visibility induces serial correlation 
(Cov(εit, εis) ̸= 0 for some t ̸= s), reducing the effective sample size. Consequently, 
volume-based solutions are ineffective for these biases. The limitations of blind-
ing mechanisms further support Proposition 2. Biases rooted in correlation require 
structural interventions (e.g., hiding reviews during the posting process) rather than 
aggregation (Finding 9). This creates a design tension: platforms must maximize par-
ticipation to fix selection bias and noise while simultaneously restricting information 
flow to fix social influence.

The synthesis further highlights the necessity of asymmetric detection strategies, 
motivating Proposition  3 (Detection). The literature distinguishes clearly between 
noise, which primarily inflates variance (Finding 12), and fake reviews, which shift 
the mean (Finding 1). Applying outlier detection to high-variance but unbiased data 
(noise) risks removing legitimate signals, whereas relying on aggregation for social 
influence or selection bias fails to correct the systematic shift (Finding  13). This 
asymmetry confirms that tools effective for mean-shift biases are inappropriate for 
variance-driven noise and vice versa. Misdiagnosing the signature of the error term 
leads to suboptimal outcomes, such as the removal of genuine extreme opinions or 
the persistence of systematic fraud. Thus, the findings collectively argue for a diag-
nostic approach where design tools are matched to the specific error signature.

Finally, integrating recent developments in generative artificial intelligence under-
scores the dynamic nature of these challenges, motivating Proposition 4 (Artificial 
Intelligence). The evidence that artificial intelligence disproportionately lowers the 
cost of creating mean-shift bias (Finding  2) implies that the static equilibrium of 
bias levels is no longer stable. Interventions that were previously sufficient may 
become obsolete as the cost function of manipulation shifts. This dynamic perspec-
tive reframes bias not as a fixed problem but as a moving target requiring continu-
ous adaptation. Furthermore, the cold-start dynamics addressed by rebate-for-review 
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programs (Findings 4 and 5) and the changing participation rates in relation to miti-
gations of selection bias (Finding 11) suggest that all biases are subject to evolv-
ing economic incentives. Platform governance must evolve from static rule sets to 
dynamic and adaptive systems that co-evolve with manipulation capabilities.

Artificial intelligence introduces a co-evolutionary dynamic beyond merely low-
ering manipulation costs. While generative artificial intelligence makes violations 
of the Mean Condition easier by enabling high-quality fake reviews at low cost, 
it simultaneously offers advanced tools for detecting distortions. Platforms must 
deploy adaptive, artificial intelligence-driven detection systems that evolve along-
side manipulation tactics. Beyond user-generated distortions, algorithmic curation 
and ranking systems act as a critical mediating layer that can amplify or mitigate 
these biases. While this paper focuses on the sources of bias in review generation, the 
algorithms that determine which reviews are visible fundamentally interact with the 
moments of the error term. For instance, ranking systems that prioritize extreme or 
emotional content to maximize engagement can artificially inflate the variance of the 
observed reputation signal, making reputation appear more polarized than it truly is. 
Conversely, filtering mechanisms that systematically suppress negative feedback to 
protect platform revenue can induce a mean shift, reinforcing user-generated biases. 
Thus, the net bias observed by a consumer is the cumulative result of user-generated 
distortions and algorithmic amplification, necessitating that platform design accounts 
for both the creation and the curation of reputation signals.

Some biases have lost much of their practical relevance for platforms and policy 
discussions, as the mitigation strategies applied by major platforms have proven to 
be highly effective. Reciprocal reviewing on two-sided reputation systems, such as 
those of eBay and Airbnb, has been largely mitigated through structural interventions 
like simultaneous reveal of reviews or transition to one-sided reputation systems 
(Findings 6 and 7).

Taken together, the documented biases operate within a common conceptual struc-
ture defined by the moments of the error term εit. Crucially, interventions targeting 
one dimension often propagate effects to others. Interpreting the evidence from this 
perspective clarifies that heterogeneous empirical findings are not contradictory but 
reflect different points on a multi-dimensional design frontier. Table 8 summarizes 
these structural trade-offs, mapping common interventions to their primary benefits 
and secondary costs. Effective platform governance therefore requires a holistic 
approach that explicitly manages the trade-offs between accuracy, precision and inde-
pendence, rather than optimizing for any single metric in isolation.

This synthesis reveals that biases are not isolated defects but endogenous out-
comes of platform architecture. Consequently, effective governance requires shifting 
from ad-hoc fixes to a systematic design framework grounded in the three conditions 
of the error term. Drawing on the error signatures of the biases in Table 7 and the 
interaction effects in Table 8, a three-step protocol for platform operators and regula-
tors is proposed.

First, managers and policymakers must identify which moment of the error term 
is distorted before selecting a mitigation strategy, as misdiagnosis leads to ineffective 
or harmful interventions. If ratings are systematically inflated despite poor service (a 
Mean Condition violation, E[εit] ̸= 0), the issue is likely strategic manipulation (fake 
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reviews) or structural pressure (reciprocity or selection bias). If ratings are highly 
polarized with no clear consensus (a Variance Condition violation, high Var[εit]), the 
cause is likely noise, for example, from attribute confusion or idiosyncratic tastes. If 
ratings cluster tightly around early reviews regardless of quality (an Independence 
Condition violation, Cov(εit, εis) ̸= 0 for some t ̸= s), social influence is the pri-
mary driver. As Table 7 illustrates, each bias presents distinct symptoms requiring 
distinct responses.

Second, once identified, interventions must be matched to the specific signature of 
the error term. To restore Unbiasedness (Mean Condition), operators should deploy 
verification mechanisms (e.g., verified purchases) to raise the cost of manipulation to 
eliminate fake reviews or implement simultaneous reveal to eliminate reciprocity. To 
optimize Precision (Variance Condition), platforms should reduce noise by separat-
ing evaluation dimensions (e.g., using separate scores for product quality vs. logis-
tics) and use explicit aggregation (e.g., displaying averages) to average out random 
noise. To ensure Independence (Correlation Condition), the only effective remedy 
is structural decoupling, such as hiding prior ratings during the submission window 
(blinded reviews) to prevent herding. Crucially, these tools are not interchangeable. 
Applying a “blinding” mechanism to a fake review problem addresses the wrong 
condition, while strict verification does nothing to stop social influence.

Table 8  Interaction matrix: interventions, primary effects and trade-offs (illustration of the implications 
of Proposition 1)
Intervention Primary target and effect Secondary trade-off Net implication

Verified 
purchase 

requirements

Targets Mean Condition: 
reduces fake reviews 

by raising manipulation 
costs

Increases variance: reduces 
sample size (T) and may induce 

selection bias by excluding 
legitimate non-purchasers

Improves accuracy 
but reduces precision; 
optimal only if the harm 
caused by bias is larger 
than the disadvantage of 
having too few reviews

Review so-
licitation and 

incentives (e.g., 
rebate-for-re-

view programs)

Targets selection bias: 
increases volume and 
representativeness to 

correct mean shift

Induces reciprocal behavior: 
financial incentives may shift 
E[εit] upward; may increase 
noise via low-effort reviews

Corrects underreport-
ing but risks introduc-
ing new distortions; 
requires careful 
calibration

Simultaneous 
reveal (two-
sided reputa-
tion systems) 
and blinded 

reviews (social 
influence)

Targets Independence 
Condition: eliminates 

serial correlation (social 
influence) and reciproc-

ity by decoupling 
reviews

Affect participation: may 
increase review volume due to 
increased “curiosity” or lower 
it due to lack of strategic tim-

ing benefits

Highly effective for 
restoring independence; 
minor disadvantages are 
typically outweighed by 
removal of social influ-
ence bias

Algorithmic out-
lier detection

Targets Mean Condition: 
filters strategic manipu-
lation (fake reviews) via 

anomaly detection

Risks information loss: may 
falsely flag legitimate high-
variance reviews, reducing 
sample size and biasing the 

mean if errors are asymmetric

Effective for clear 
fraud; requires high 
precision to avoid pun-
ishing genuine extreme 
reviews

Aggregation 
(e.g., averages)

Targets Variance Condi-
tion: averages out ran-
dom noise to improve 

signal precision

Ineffective for mean shift: does 
not correct systematic bias 
(fake reviews, selection)

Essential for noise 
reduction; must be 
combined with other 
interventions to address 
systematic bias
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Third, and most critically, platform operators must compensate for the inevi-
table trade-offs identified in Proposition  1 (Trade-offs) and Table  8. Interventions 
are rarely cost-free. Most interventions create a secondary distortion that requires a 
counter-measure. Strict verification reduces fake reviews (fixing the expected value) 
but shrinks the sample size, increasing variance and potentially inducing selection 
bias. Therefore, operators must assess whether platform-managed solicitation cam-
paigns are required to maintain volume and representativeness of reviews. Similarly, 
blinded reviews restore independence but may reduce participation due to the loss of 
social cues, requiring compensatory design features to sustain engagement. Manag-
ers must view design not as a search for a perfect tool, but as a balancing act where 
every restriction is offset by an incentive, ensuring that solving one problem does not 
amplify another. In the age of generative artificial intelligence, this compensation 
must also be dynamic, continuously adjusting thresholds and incentives as the cost 
of manipulation evolves.

5  Summary and conclusion

This paper surveyed the empirical literature on biases in reputation systems through 
a unified conceptual framework that categorizes distortions by their signature: vio-
lations of the Mean Condition (systematic bias), the Variance Condition (noise) or 
the Independence Condition (serial correlation). The survey investigated five major 
sources of bias: (i) strategic actions of sellers (fake reviews and rebate-for-review 
programs), (ii) strategic actions of reviewers (reciprocity), (iii) social influence, (iv) 
selection bias and (v) noise, investigating their mechanisms, effects and mitigation 
strategies, summarized in Table 7.

The synthesis of evidence yields three central insights that extend beyond existing 
literature. First, biases are endogenous to platform design. Verification rules, visibil-
ity settings and aggregation methods do not merely reveal user behavior, but actively 
shape it. For instance, two-sided systems inherently invite reciprocity bias, while 
visible prior ratings induce social influence. Second, design involves inherent trade-
offs (Proposition 1). Interventions targeting one moment of the error term often affect 
another. For instance, as shown in Sect. 3, strict verification requirements reduce fake 
reviews but can reduce participation. Correcting selection bias via incentives may 
introduce reciprocal behavior, thereby potentially inflating the error term. Thus, opti-
mal design is not about minimizing a single error type but balancing the trade-offs 
between accuracy, precision and independence. Third, detection and mitigation strat-
egies must be asymmetric (Proposition 3). Tools effective for mean-shift biases (e.g., 
outlier detection) are inappropriate for variance-driven noise, which requires aggre-
gation. Similarly, increasing review volume solves noise and selection issues but 
fails against social influence, which requires structural independence (Proposition 2).

These findings have distinct implications for theory, practice and policy. Building 
on the diagnostic framework proposed in Sect. 4, the evidence implies that improving 
reputation systems is primarily a design and governance problem that requires sys-
tematic trade-off management rather than isolated fixes. For platform operators, this 
means moving beyond generic solutions. Managers must first diagnose the specific 
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error signature (mean, variance or correlation) before applying matched interven-
tions. Crucially, the interaction matrix (Table 8) demonstrates that interventions are 
rarely cost-free. Therefore, design changes (e.g., stricter verification) must be sys-
tematically paired with compensatory measures (e.g., increased solicitation) to main-
tain signal precision and participation. For regulators and policymakers, the results 
suggest that governance should focus on transparency of these design trade-offs. 
Instead of prescribing specific technologies, regulators could require platforms to 
disclose how their design choices balance bias reduction against representativeness 
and independence, and to audit algorithmic curation layers that may amplify user-
generated distortions. The rise of generative artificial intelligence further underscores 
the need for dynamic governance, where detection and incentive structures co-evolve 
with manipulation capabilities.

The rise of generative artificial intelligence, where the marginal cost of generat-
ing deceptive content approaches zero, requires a focused research agenda on four 
critical frontiers. First, scholars must investigate the dynamic co-evolution between 
artificial intelligence-generated manipulation and artificial intelligence-based detec-
tion systems, modeling this interaction as an ongoing arms race rather than a static 
equilibrium (Proposition 4). Empirical studies exploiting platform policy changes, 
detection thresholds or text-based manipulation scores are needed to understand how 
this technological shift affects bias dynamics. Second, research must examine algo-
rithmic amplification, specifically, how platform recommendation and ranking algo-
rithms—which often display certain reviews more prominently or suppress others 
to maximize engagement—interact with user-generated biases such as fake reviews 
or social influence. Future work should quantify whether these algorithmic sorting 
mechanisms inflate variance or reinforce mean shifts beyond the organic bias of the 
reviews themselves. Third, the field needs studies on bias dynamics within review 
ecosystems mediated by generative artificial intelligence, where both the creation 
and consumption of reviews are increasingly automated. Fourth, comparative analy-
sis of the effectiveness of bias-mitigation mechanisms (e.g., hiding reviews vs. veri-
fication of customers) is needed across different platform types (e.g., e-commerce vs. 
peer-to-peer platforms) to validate the trade-offs predicted by Propositions 1 and 2. 
Addressing these priorities will shift the literature from investigating biases in isola-
tion to generating integrated, predictive and design-oriented insights.

Future research should also exploit new empirical settings to test the generalizabil-
ity of the proposed framework. Reputation systems are increasingly interconnected. 
Sellers often operate on multiple platforms and reputation information is transferred 
through aggregators or social media. This implies that biases generated on one plat-
form may spill over to others, even when design rules differ. Multi-homing sellers 
and cross-posted reviews offer promising settings to study how reputation and bias 
spread across ecosystems. Furthermore, while much of the available evidence is 
drawn from a limited number of large platforms, smaller and niche platforms may 
face different trade-offs, making them important settings for future empirical work. 
The rapid evolution of platform design creates repeated natural experiments in these 
diverse contexts that future research can exploit.

This study is subject to several limitations. It focuses on the empirical literature 
and therefore does not provide a formal theoretical model of the different biases and 
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how they interact. Platform design and technologies evolve rapidly, meaning that 
some empirical results may become outdated as firms adapt their systems. However, 
the conceptual framework is designed to be robust to such technological changes, 
allowing future studies to be categorized within the same structure.

Despite these limitations, the survey highlights that biases in reputation systems 
are neither inevitable nor purely behavioral. They are largely shaped by institutional 
design choices, and understanding these choices is essential for building reputation 
systems that sustain trust and support efficient digital markets.

Appendix A: Survey methodology

This appendix details the protocol used to identify, select and synthesize the literature 
surveyed in this paper. The objective of the survey is not to provide an exhaustive list 
of all publications on online reviews, but to conduct a structured, problem-oriented 
review that synthesizes empirical findings through a unified conceptual framework. 
This approach was chosen over a purely algorithmic systematic review because the 
paper’s goal is to integrate heterogeneous findings from economics, information 
systems, marketing and management into a common theoretical structure, i.e., the 
conceptual framework introduced in Sect. 2.3. This approach differs from a tradi-
tional narrative review in three ways: (i) it employs explicit, predefined inclusion and 
exclusion criteria rather than subjective selection, (ii) it uses a standardized protocol 
to extract data consistently across studies, reducing author bias and (iii) it validates 
comprehensiveness through search saturation and cross-referencing with existing 
surveys. While a fully algorithmic systematic review might miss cross-disciplinary 
conceptual links due to rigid keyword constraints, a traditional narrative review risks 
selection bias. The structured, problem-oriented protocol used in this paper balances 
these extremes, ensuring both theoretical integration and methodological transpar-
ency. Figure  2 provides a schematic overview of the literature identification and 
selection process.

Search strategy

The literature identification process followed a two-stage strategy combining citation 
networking and targeted database searches.

First, backward and forward citation tracking was conducted starting from founda-
tional contributions on reputation systems and online reviews, including Bolton et al. 
[14, 22], Dellarocas [16], Dellarocas and Wood [97], Luca and Zervas [59], Mayzlin 
et al. [37], Resnick and Zeckhauser [4] and Tadelis [2]. Backward citation tracking 
(reviewing references) and forward citation tracking (using Google Scholar to find 
subsequent citing papers) were performed iteratively. This snowballing method is 
particularly effective for tracing the evolution of specific empirical literature streams 
and ensuring that foundational works are not missed due to keyword variations.

Second, to complement citation tracking and capture recent work not yet heav-
ily cited, targeted keyword searches were conducted in Google Scholar and Scopus. 
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Search terms included combinations of online reviews, online reputation, reputation 
systems, fake reviews, review manipulation, rebate-for-review, reciprocity, social 
influence, selection bias and noise. These searches were used to identify empirical 
studies that are not connected to the foundational contributions through citation net-
works, as well as more recent contributions that had not yet accumulated substantial 
citations.

The search process followed an iterative approach until diminishing returns were 
observed. Specifically, citation tracking and keyword searches continued until addi-
tional queries yielded no new mechanisms, bias types or contradictory empirical find-

Foundational literature
Foundational contributions on
reputation systems and online
reviews, for example, Dellaro-
cas and Wood [97], Luca and
Zervas [59], Mayzlin et al. [37],
Resnick and Zeckhauser [4] and
Tadelis [2]

Citation tracking
• Backward citation search

(references cited)
• Forward citation search

(subsequent citing papers
through Google Scholar)

Initial pool of candidate studies

Database search
Google Scholar and Scopus key-
word searches with combina-
tions of:
• online reviews
• online reputation
• reputation systems
• fake reviews
• review manipulation
• rebate-for-review
• reciprocity
• social influence
• selection bias
• noise

Inclusion criteria
• Online reputation or review systems
• Empirical evidence: field data, field experiments, laboratory or online

experiments or surveys
• Direct relevance to at least one source of bias

Exclusion criteria
• Pure theory without empirical relevance
• Non-peer-reviewed publications, unless with unique empirical evidence
• Purely computational or machine-learning papers without behavioral or

economic evidence
• Deceptive advertising not directly linked to reputation systems
• Pre-2015 papers, unless foundational

Surveyed literature
• Empirical evidence surveyed by source of bias (Section 3)
• Input for structural synthesis (Section 4)

Fig. 2  Schematic overview of the literature identification and selection process
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ings that would offer new insights for the structural synthesis. To validate compre-
hensiveness, the final bibliography was cross-referenced with major existing survey 
papers (e.g., Magnani [12] and Wu et al. [6]) to ensure coverage of all identified bias 
types, major platform contexts (e-commerce, hospitality, peer-to-peer) and method-
ological approaches (field vs. lab). This step ensured that all seminal works and major 
research streams identified in prior literature were included, minimizing omissions of 
relevant publications.

Inclusion and exclusion criteria

Studies were screened against explicit inclusion and exclusion criteria to ensure rel-
evance and quality.

To be included, a study had to satisfy three conditions: (i) It examines online 
reputation or review systems where ratings or textual reviews play a central role. 
(ii) It provides empirical evidence (field data, field experiments, laboratory/online 
experiments or surveys) on how reviews are generated, manipulated, interpreted or 
affect market outcomes. (iii) It relates directly to at least one of the sources of bias 
analyzed: strategic actions of sellers, strategic actions of reviewers, social influence, 
selection bias or noise.

The following types of works were excluded or de-prioritized: (i) Purely theoreti-
cal contributions, unless they provide foundational or conceptual insights that sup-
port the understanding of empirical findings. (ii) Non-peer-reviewed publications 
(e.g., grey literature, including working papers and preprints), unless such work is 
influential, frequently cited or provides unique empirical evidence despite not yet 
being published in a journal. (iii) Purely computational or machine learning papers, 
e.g., related to the detection of fake reviews, that focus solely on algorithmic method-
ology without offering empirical insights into economic or behavioral mechanisms. 
(iv) Studies on deceptive advertising or misinformation that do not explicitly link to 
reputation systems.

While the survey emphasizes work published from 2015 onward to reflect mod-
ern platform designs, foundational studies prior to 2015 were retained when they 
established key theoretical baselines or when recent literature on a specific bias (e.g., 
reciprocity) was limited.

Classification of the literature

To ensure a structured synthesis rather than a descriptive narrative, all included stud-
ies were analyzed using a consistent analytical protocol. Every paper was mapped 
against the following set of standardized questions during the reading and synthesis 
phase: 

1.	 Antecedents 

(a)	 What is the bias (definition)?
(b)	 Why do interested parties cause the bias?
(c)	 Who has an incentive to bias?
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(d)	 When (under what conditions) does the bias happen?
(e)	 How is the bias created?

2.	 Properties 

(a)	 What are the properties of the bias?
(b)	 What are the spreading properties of the bias?
(c)	 What is the distribution of the bias?

3.	 Consequences 

(a)	 How does the bias affect the development of online product reviews?
(b)	 What are the effects of the bias on stakeholders?
(c)	 How does the bias affect the overall market and society?

4.	 Interventions 

(a)	 What are suitable detection methods?
(b)	 What can stakeholders do to effectively respond to the bias?

This set of questions is a loose adaptation and generalization of the antecedent-
consequence-intervention framework used by Wu et al. [6] to review the literature on 
fake reviews. They guide the presentation of the literature on the individual biases in 
Sect. 3 and are used to structure the literature in Tables 1, 2, 3, 4, 5, 6 by the focus of 
the analysis, with granularity varying based on the scope and specifics of the litera-
ture on a particular bias.

To evaluate mechanisms, responses to these questions were then mapped against 
the conceptual framework from Sect. 2.3. Specifically, evidence regarding Properties 
was mapped to the moments of the error term (i.e., mean, variance and independence), 
while Interventions were categorized by their alignment with Propositions 1–4.

By applying this uniform set of questions across diverse literature from multi-
ple disciplines (economics, information systems, marketing and management), the 
review ensures that findings are comparable and can be integrated into the unified 
conceptual framework presented in Sect. 2.3. This problem-oriented structure allows 
the paper to transcend disciplinary silos and focus on the underlying mechanisms of 
bias.

Limitations

This review has limitations inherent to its approach. First, while the iterative search 
strategy and cross-referencing aimed to ensure comprehensiveness, it is possible that 
niche studies in emerging platforms or non-English journals were missed. Second, 
the prioritization of peer-reviewed English-language literature may introduce a slight 
selection bias toward established platforms (e.g., Amazon, eBay, Yelp) and West-
ern contexts. While this focus on major platforms limits generalizability to niche 
markets, it ensures the review focuses on the ecosystems where the vast majority 
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of global commerce and bias-related harm occurs, aligning with the paper’s goal 
of informing mainstream platform design and policy. Finally, the rapid evolution of 
platform design means that some empirical findings may become outdated as new 
features (e.g., artificial intelligence-driven curation) are introduced. However, the 
conceptual framework is designed to be robust to such technological changes, allow-
ing future studies to be categorized within the same structure.
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