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Abstract. As a platform improves trust between the two sides of its market to facilitate

matching and transactions, it faces an increased risk of disintermediation: with sufﬁcient
trust, the two sides may circumvent the platform to avoid the platform’s fees. In this paper,
we investigate the relationship between increased trust and disintermediation by leveraging
a randomized control trial in an online freelance marketplace. We ﬁnd that enhanced trust
increases the likelihood of high-quality freelancers being hired. However, when the trust
level is sufﬁciently high, it also increases disintermediation, which offsets the revenue gains
from the increase in hiring high-quality freelancers. We also identify heterogeneity across
clients and freelancers in their tendencies to disintermediate. We discuss strategies that
platforms can use to mitigate the tension between trust building and disintermediation.
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approximately 90% of transactions are conducted
outside the platform after clients and freelancers have
been matched on its platform (Zhu et al. 2018). Hotels
and airlines offer incentives to lure customers to book
directly with them, thereby shrinking the revenue for
online travel agencies. A few intermediaries have been
unable to sustain their businesses as a result of disintermediation. For example, online platforms such as
Homejoy went out of business because their consumers
transacted with service providers outside the platforms.
Despite the importance of disintermediation with
regard to ﬁrms’ strategies and survival, there is scant
literature on the issue, perhaps because of the difﬁculty of observing and measuring disintermediated
transactions. In this paper, we study the relationship
between trust and disintermediation, leveraging a
randomized control trial (RCT) in an online platform.
We utilize conversations recorded online to provide
direct evidence of users’ intentions to disintermediate.
A number of studies have shown that building trust
between two sides is crucial for platforms to facilitate
effective matching among users (e.g., Resnick and
Zeckhauser 2002). However, signiﬁcant trust can
reduce the perceived importance of platform services
such as transaction monitoring, escrow payments,
dispute settlements, and refunds for failed transactions (e.g., Edelman and Hu 2016). Users who trust

1. Introduction
Intermediaries are everywhere in our economy: brokers in the ﬁnance and insurance industries, headhunters in the labor market, distributors in retail,
housing agents in real estate, and online platforms in
the information technology industry, just to name a
few. In 2010, intermediaries contributed an estimated
34% of the U.S. gross domestic product (Spulber 2011).
Economists have long recognized the importance of
intermediaries for providing matching and facilitating transactions (e.g., Spulber 1996a, b, 1999; Parker
and Van Alstyne 2005, Armstrong 2006, Rochet and
Tirole 2006, Edelman and Wright 2015, Hagiu and
Wright 2015). However, all intermediaries face the risk
of disintermediation, in which two sides circumvent the
intermediary to transact directly and avoid the intermediary’s fees.
Disintermediation is prevalent. For example, the
traditional role of book publishers as intermediaries
was weakened when Amazon enabled authors to sell
directly to readers through its self-publishing services. Li & Fung, a supply-chain management company that connects global retail brands with Chinese
manufacturers, suffered ongoing decline in revenue
as retailers disintermediated to work with manufacturers directly. A survey by ZBJ.com, the largest
online freelance marketplace in China, indicates that
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one another feel less of a need for such services and are
incentivized to take their transactions off the platform
to avoid intermediary fees.
Our research setting is a large outsourcing platform
that enables clients to ﬁnd freelancers who satisfy the
clients’ job requirements. The platform then provides
features through which the two sides contract, collaborate, create invoices, and pay, and it charges a
per-transaction service fee that is approximately 10%
of each transaction’s value. In an RCT, the platform
provider shows freelancers’ satisfaction scores (SSs)
to a random sample of clients. SSs are a newly developed measure of a freelancer’s business reputation
based on his or her complete work history on the
platform. We ﬁnd that the enhanced trust derived
from seeing high SSs increases the likelihood for a
high-quality freelancer to be hired. However, it also
increases disintermediation between clients and freelancers with high SSs, as evidenced by signiﬁcantly
lower charges, fewer hours reported, and the stronger
intention to disintermediate expressed in chat messages
between them.
We conduct robustness checks to conﬁrm that the
reduction in hours and total charges is driven by
disintermediation and not by other factors such as
clients’ selections of more efﬁcient freelancers. Ultimately, increased disintermediation offsets the revenue gains from the increased hiring of high-quality
freelancers. We also ﬁnd that the tendency to disintermediate increases when users are geographically
collocated, jobs are easily divisible, and clients themselves have high ratings.
Our study is related to the literature on trust within
online platforms. Existing literature emphasizes the
importance of building trust for successful business
transactions among strangers online (e.g., Strader
and Ramaswami 2002, Dellarocas 2003, Pavlou and
Dimoka 2006, Jin and Kato 2006, Cabral and Hortaçsu
2010, Cai et al. 2013, Moreno and Terwiesch 2014,
Puranam and Vanneste 2020). Although many factors may inﬂuence trust—such as an individual’s past
experiences transacting with the same person, escrow
services by the platform, and certiﬁcations from
trusted parties—in most studies, trust is reduced to
the use of reputation systems (e.g., ter Huurne et al.
2017). Many experimental and observational studies
provide evidence that reputation systems can effectively enhance trust (e.g., Ba and Pavlou 2002, Resnick
and Zeckhauser 2002, Bohnet and Huck 2004, Pavlou
and Dimoka 2006, Utz et al. 2009, Charness et al. 2011,
Bolton et al. 2013). Such systems operate by mitigating the uncertainty involved in transactions,
which stems from information asymmetry and potential opportunism between two transacting parties
(e.g., Pavlou et al. 2007).
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Further, a number of studies have identiﬁed the
shortcomings of existing reputation systems in building trust. Research on eBay’s feedback mechanism has
shown that disappointed buyers often do not leave
feedback, whereas buyers who have had a good experience are more likely to leave feedback (Masterov
et al. 2015). Bolton et al. (2013) argue that reciprocity
in providing feedback distorts reputation information,
as fear of retaliation may deter users from truthful
reporting. Even in a simultaneous-reveal system, in
which reviews are not revealed until both parties have
submitted their ratings, users may still be reluctant to
provide negative feedback if they suspect that it would
discourage other parties from transacting with them
(Luca 2017). These factors collectively result in reputation inﬂation. Ert et al. (2015) ﬁnd that 97% of
Airbnb ratings are between 4.5 and 5 stars; consequently,
online reviews have no effect on the prices of Airbnb
listings. Horton and Golden (2015) ﬁnd similar patterns using data from Upwork.
Scholars have proposed various ways to develop
better reputation measures in order to improve trust
and transaction quality (e.g., Hui et al. 2014, Kapoor
and Tucker 2017, Dai et al. 2018). However, our study
suggests that, under the disintermediation threat,
attempts at enhancing trust by providing a more
accurate reputation system may actually harm the
platform’s ability to capture value.
Our study also improves our understanding of how
different types of trust affect users’ behavior. Bapna
et al. (2017), building on Sobel (2005) and Cabral et al.
(2014), categorize trust into intrinsic trust and instrumental trust. Intrinsic trust is motivated by the
psychological beneﬁts that an individual derives from
being kind to others, whereas instrumental trust is
backed by the option of rewarding and punishing a
trustee in the future. Consistent with instrumental trust,
we ﬁnd evidence that even after clients and freelancers
choose to disintermediate, they still prefer to initiate jobs
on the platform so that they have the option to provide
each other feedback or seek help from the platform.
Our study also adds to the small amount of literature
on disintermediation. Waldfogel (2012), Waldfogel and
Reimers (2015), and Peukert and Reimers (2018) are
three related studies that study the impact of digital
disintermediation on product variety and quality in
the music and book publishing industries. A few papers
in the supply-chain management literature examine
supplier encroachment as a means of circumventing
intermediaries (e.g., Arya et al. 2007). Literature on
brokerage also points out that brokers are more likely
to be disintermediated when they do not control information (Rider and Samila 2019). However, none of
these studies discuss how the degree of disintermediation changes with increased trust.
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The remainder of the paper is organized as follows.
Section 2 describes our empirical setting and design.
Section 3 describes the data and variables. Sections 4
and 5 present empirical results and various robustness checks. Section 6 concludes by discussing limitations and managerial implications of this study.

2. Background and Empirical Design
The empirical context of our study is a major online
outsourcing platform. A number of studies have
examined the value of such platforms in online hiring
(e.g., Agrawal et al. 2016, Stanton and Thomas 2016)
and for conducting experiments (e.g., Horton et al.
2011). Jobs posted on the platform encompass a wide
range of categories, such as web, mobile and software
development, design and creative, translation, administrative support, accounting and consulting, writing,
and customer service.
As soon as a client posts a job, a job opening is
created, which typically includes a name, work description, requirements, and deadline. Any freelancer
can submit a proposal to the client to bid for the job.
Once the client selects a freelancer, the job is ﬁlled and
a service contract (referred to as a job assignment
hereafter) is created. A job assignment remains active
until both parties agree to close it. Figure 1 illustrates
the process ﬂow of a typical job on the platform.
Clients can post either ﬁxed-price or hourly jobs.
The price for a ﬁxed-price job is negotiated and determined between a client and a freelancer at the time
of contracting; they can agree that the client will pay
the total amount upon project completion or pay in
stages according to agreed-upon milestones. For an
Figure 1. Job Process Flow
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hourly job, an hourly rate is decided at the time of
contracting. Thereafter, the freelancer can begin working on the job and record working hours. After the
freelancer makes a request for payment, the platform
charges the client and holds the payment in escrow. The
client has four days to review and dispute the amount.
Once the dispute period ends, the escrow fund is released to the freelancer.
The platform charges freelancers a service fee of
approximately 10% of the amount billed to the client.
Disintermediation can take place in two ways. First,
clients and freelancers can “chat” with each other on
the platform at any time. Thus, they could agree to
take jobs off the platform before initiating any projects to avoid the service fee. Second, durative transactions enable them to begin part of the job on the
platform and then disintermediate for the remainder
of the job to reduce the service fee. The latter approach
to disintermediation enables clients and freelancers to
leave each other reviews after they mark the job as
complete. Our study focuses on the latter scenario.
Since its founding, the platform has used a basic
ﬁve-star rating system to reﬂect user satisfaction. Star
ratings are shown for both clients and freelancers on
their user proﬁles, which reﬂect the average of all
ratings received from completed jobs. This system experiences the shortcomings documented in the literature. First, the average rating from clients’ past reviews
does not take into account jobs for which no rating
was given, nor does it allow for weight differentiation between older ratings and more recent ratings
(e.g., Dai et al. 2018). Second, such a system may encourage reciprocity of positive reviews. Consequently,
the average rating of freelancers on the platform is very
high (above 4.5 out of 5). Thus, ratings do not accurately
identify high- and low-quality freelancers. Finally, the
ﬁve-star rating system rewards freelancers who have
completed a large number of small and short-term
projects and disfavors those who have worked on extensive and long-term projects.
For these reasons, the platform designed SSs as a
new measure of freelancers’ reputation, which represents a more complete picture of a freelancer’s
business. To avoid strategic manipulation by freelancers, the company does not disclose how the score
is determined. However, the company does make it
explicit that, in addition to the ratings of past jobs, the
SSs capture the following information that ﬁve-star
ratings do not capture: (a) private feedback that clients have provided to the platform,1 (b) disputes that
freelancers have had with past clients, and (c) the
number of times clients chose not to provide ratings.
Although clients can observe point (c) by browsing a
freelancer’s past work history, clients have no means
of obtaining the ﬁrst two information sets before the
introduction of SSs. Research has shown that private

4
Figure 2. (Color online) User Information Shown to the
Treatment and Control Groups
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Moreover, freelancers were unable to observe their
own SSs. Given the short duration of the experiment,
we expect information leakage to be negligible. In
addition, because freelancers were not notiﬁed of the
introduction of SSs and could not observe their own
scores, we could disregard the possibility of signaling
in their job applications. Figure 3 illustrates the distribution of SSs in the assignment sample. We collect
data for all jobs initiated during the trial, even if a job
is completed after the trial ends.

3. Data and Variables
ratings can help overcome concerns of retaliation and
reciprocity and, thus, encourage clients to reveal
truthful information (e.g., Luca 2017). Disputes frequently lead to project cancellation, in which case, the
canceled projects are not included in freelancers’
work history, and neither clients nor freelancers leave
reviews for each other. However, this information can
be very valuable to clients for evaluating the risks
associated with working with a given freelancer.
Because of these advantages over ﬁve-star systems, a
high SS can signiﬁcantly boost a client’s conﬁdence
that the freelancer can successfully complete the job.2
We leverage an RCT that the platform conducted
from February 13 to March 10, 2015. It included a
random sample (approximately 3%) of registered clients on the platform. The randomization is at the
client level, and 50% of the sample clients were selected as the treatment group. When clients in the
treatment group logged on to the website and browsed
for freelancers, they were shown an SS in addition to
the star rating on each freelancer’s proﬁle, whereas
clients in the control group saw only the star ratings
(Figure 2). The platform did not disclose the use of SSs
to clients in the control group or to any freelancers.
Figure 3. Distribution of Freelancer Satisfaction Scores

We collect all job openings and assignments created
by 24,732 clients from the treatment group and 24,458
clients from the control group during the trial. The
analysis sample is at the job-assignment level, consisting of each assignment’s outcome and the characteristics of the corresponding client and the hired
freelancer. Jobs that were not ﬁlled or observations in
which the freelancer’s SS was not available are dropped, leaving a ﬁnal sample of 33,561 job assignments.3
We employ two approaches to measure disintermediation. As an indirect approach, we identify disintermediation using job outcomes that might imply jobs
that ended prematurely or with partial payment. We
collect the number of working hours for each assignment and denote it as Hours. For this variable, we have
observations only for hourly jobs. Similarly, jobs with
small payments could signal disintermediation if
clients paid only a small amount on the platform and
conducted most of the transaction off-platform. We
use Total_Charge to represent the total amount paid on
the platform once a job is closed.
As a direct approach to measuring disintermediation, we quantify clients’ and freelancers’ intentions
to disintermediate by leveraging a text-analysis tool
that the platform developed to detect sensitive words
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Table 1. Examples of Sensitive Words/Phrases Indicating Disintermediation in Messages
Off (the platform’s name)
Wire me/you/us
Outside (the platform’s name)/outside of (the platform’s name)
Save 10% (or 5%)/save 10 (or 5) percent/save ten (or ﬁve) percent
(My/your/our) (phone/number/phone number/cell phone)

that imply disintermediation. The list of sensitive
words along with their relative weights was developed by the company based on extensive data from
past transactions. Over the years, the platform reﬁned its algorithm and dictionary based on data collected from actual disintermediation and from its other
trials that were aimed at deterring disintermediation.4
Table 1 presents examples of sensitive words and
phrases. For each message associated with a given job
assignment, we sum up the numeric values of sensitive words and use the maximum value among all
messages as the disintermediation score for that assignment (Disintermediation_Score). Compared with
approaches that add up sensitive keywords in all
messages or that take an average of all messages, our
approach has two advantages. First, users who communicate more are likely to use more sensitive keywords; our measure is independent of the frequency of
communication. Second, because users typically express
their desire to disintermediate in only a few sentences,
and hence not all messages are useful for detecting
disintermediation, our approach allows us to focus on
messages that are most likely related to disintermediation. Out of the 33,561 assignments, 29,690 have historical messages, for which the platform attempts to
detect sensitive words that imply users’ intent to disintermediate. For job assignments whose messages
have no sensitive words, Disintermediation_Score is 0;
otherwise, it is a positive integer.5
For each assignment, the dummy variable Treated
equals 1 if the client is in the treatment group and 0
otherwise. To account for different levels of trust
among high-quality versus low-quality freelancers,
we create a dummy variable, SS_High, which is 1 if
SS ≥ 90%, based on the fact that the platform explicitly

PayPal
Avoid fees

Venmo
Apply at/here

informed the clients in the treatment group that an SS
above 90% is considered “excellent.”6
Table 2 provides summary statistics for all variables. The unit of analysis is a job assignment. The
average SS in our sample is 0.739 and the mean
for SS_High is 0.364, meaning that 36.4% of the
freelancers hired by clients have an SS of 90% or
higher. In contrast, the ﬁve-star ratings of freelancers
have a mean of 4.77 and a median of 5. Because the
ﬁve-star ratings do not contain sufﬁcient variation to
discern freelancer quality, unsurprisingly, the SS has
a low correlation with ﬁve-star ratings (0.284). The
two indirect measures for disintermediation, Hours
and Total_Charge, have substantial variation across
job assignments and are highly skewed. The mean
Disintermediation_Score is 7.528, with a maximum
value of 34.1, and the distribution is skewed, thereby
suggesting that most users in our sample have a relatively low tendency to disintermediate. Given the
skewed distributions, we use the logarithms of these
three measures in our regression analysis.7 Among all
assignments in our sample, 8% of the client-freelancer
pairs are located in the same country as each other.
To conﬁrm the randomness of assignment into either group, we compare the transaction data of clients
in the treatment and control groups from the six-month
period immediately preceding the study. The balance
check, shown in Table 3, conﬁrms that the assignment
is indeed random.
Table 4 compares the three key dependent variables
for the treatment and control groups after the treatment. We divide our sample by SS_High. The values
of the three dependent variables for high-SS assignments differ signiﬁcantly between the treatment
and control groups. The treated job assignments have

Table 2. Summary Statistics and Correlations
Correlation
Variable
(1)
(2)
(3)
(4)
(5)
(6)

Treated
SS
SS_High
Hours
Total_Charge
Disintermediation_Score

Observations

Mean

Standard deviation

Min

Max

(1)

(2)

(3)

(4)

(5)

33,561
33,561
33,561
14,593
33,561
29,690

0.504
0.739
0.364
109.00
679.507
7.528

0.500
0.258
0.481
349.0
4198.7
5.642

0
0
0
0.183
0
0

1
1
1
11,365.38
195,731.5
34.1

1
0.041
0.034
e
0.003
0.005
0.027

1
0.679
0.058
0.049
e
0.059

1
0.081
0.062
e
0.051

1
0.683
e
0.021

1
0.003

Notes. The number of observations for the main analysis sample is 33,561, except for regressions with Disintermediation_Score, which has a
nonmissing value for 29,690 observations. Hours has values only for hourly jobs.
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Table 3. Comparison of Clients in the Treatment and Control Groups Before the Study
Treatment
Outcome variable
Number
Number
Average
Average
Average

Control

Mean Standard error Mean Standard error

of days on the platform
611.17
of jobs in the past six months
2.60
past job feedback
4.81
past job hours
12.62
past job total charge
197.00

4.62
0.09
0.01
0.41
7.77

605.03
2.73
4.81
13.05
185.55

Paired t-test
t-stats
−0.94
0.76
0.55
0.71
−1.21

4.63
0.15
0.01
0.44
5.31

Notes. The unit of analysis is a client in the treatment/control group. Variables are calculated using a
past assignment sample that includes participating clients’ job outcomes in the six months before the
study. None of the above paired t-test results is signiﬁcant. We also checked the percentage of hourly
jobs across the two groups and found no signiﬁcant difference; the numbers are unreported due to
protection of conﬁdentiality.

fewer total hours, lower total charges, and higher disintermediation scores, all of which suggest a greater
likelihood of disintermediation. For low-SS assignments, we observe no signiﬁcant differences in the
three dependent variables between the two groups.

4. Empirical Results
4.1. Job Fill Rates and Platform Revenue
We ﬁrst analyze the impact of disclosing SSs on the
job ﬁll rate. We begin by comparing the job ﬁll rate in
the treatment group versus the control group for all
job openings posted by clients. We compute the job
ﬁll rate as the ratio of the total number of ﬁlled jobs
for a group to the total number of job openings for that
group during the study. We also calculate the number
of days before a job opening is ﬁlled. We ﬁnd that the
number of days taken to ﬁll a job is 0.48% shorter for
the treatment group than the control group, and the
ﬁll-rate difference is 0.51%; neither difference is statistically signiﬁcant.8 In addition, a similar number of
jobs is posted for each group, with the clients in the
treatment group posting only 1.3% more jobs than the
clients in the control group clients; a t-test mean
comparison reveals that the average number of jobs

offered by each client does not differ signiﬁcantly
between the treatment and control groups (p = 0.88).
These results indicate that revealing SSs does not
have a signiﬁcant effect on job postings or job ﬁll rate,
which is consistent with the intuition that, when there
is a sufﬁcient number of freelancers, the job ﬁll rate
will not increase with better reputation measures.
Further, we also compare the characteristics of the
jobs posted between the two groups. We ﬁnd that
there are no signiﬁcant differences in the distributions
of jobs posted across categories (p = 0.204 from a chisquared test), in the length of job descriptions (p =
0.303), and in clients’ posted job prices (p = 0.553)
across the two groups. These results—along with the
ﬁndings that the days to ﬁll, ﬁll rate, and the average
number of jobs by each client are not signiﬁcantly
different—suggest that clients’ needs are exogenously
determined and are not inﬂuenced by the availability
of SSs. Therefore, our ﬁndings are unlikely to be driven
by job-level differences between the two groups.
Next, we investigate whether revealing SSs affects
the probability of hiring high- versus low-quality
freelancers. For this, we obtain data on all freelancers
who submitted proposals for jobs posted by clients in

Table 4. Comparing Treatment and Control Group Observations After Treatment
Treatment
Outcome variable

Mean

Paired t-test

Control

Standard error

Mean

Standard error

t-stats

0.04
0.03
0.01

2.80***
2.61***
−4.52***

0.03
0.02
0.01

0.09
0.10
−1.47

Panel A: Assignments with high freelancer SSs
Log(Hours)
Log(Total_Charge)
Log(Disintermediation_Score)

2.95
4.67
1.76

0.04
0.02
0.01

3.09
4.76
1.68

Panel B: Assignments with low freelancer SSs
Log(Hours)
Log(Total_Charge)
Log(Disintermediation_Score)

2.66
4.26
1.83

0.03
0.02
0.01

2.67
4.26
1.81

Notes. The unit of analysis is a job assignment from a treatment/control group client during the study. Variables are calculated using the
assignment sample for our main analysis. All the paired t-test results in the high-SS group are signiﬁcant.
***p < 0.01.
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the study. Simple summary statistics show that the percentage of high-SS freelancers hired in the treatment
group is 4.1% higher than in the control group. Then, we
use a linear probability model regressing a Hired dummy
on SS_High, Treated, and the interaction between them.
The regression results shown in Table 5 indicate that
freelancers with higher SSs are signiﬁcantly more likely
to be hired than freelancers with low SSs and that revealing SSs increases the likelihood of a high-quality
freelancer being hired by 0.48%, from a base of 2.8%.
Finally, we examine the impact of the treatment on
the platform’s revenue. The results of the two-sample
t-test show that the average revenue from each job does
not signiﬁcantly change for the treatment group as
compared with the control group (the ratio between the
treatment and control groups is 0.996). This result holds
regardless of job type. We also check the percentage
of successful jobs for the two groups—jobs that were
completed with no abnormal status, such as “Inactivity,”
“No response,” or “Canceled”—and ﬁnd that there is
only a 0.41% difference in the percentages of successful jobs, which is not statistically signiﬁcant.
These ﬁndings raise an interesting question: Whereas
revealing SSs leads to increased hiring of high-quality
freelancers who often command higher prices (in the
control group, the average charge for jobs involving
high-SS freelancers is 2.23 times that of jobs involving
low-SS freelancers), and given that job ﬁll rates are the
same, why does the platform not earn more revenue
from the treatment group than from the control group?
Next, we provide evidence that disintermediation, not
the selection of freelancers, is the key factor that offsets
the potential gain.
4.2. Evidence of Disintermediation
We investigate whether clients in the treatment group
are more likely to disintermediate when freelancers’
Table 5. Linear Probability Model of the Treatment Effect

on Freelancers’ Probability of Being Hired
Model
Dependent variable
Treated
SS_High

(1)
Hired

(2)
Hired

0.0004
[0.0004]
0.0079***
[0.0004]

−0.0012***
[0.0004]
0.0049***
[0.0006]

Treated × SS_High
Observations
R-squared

0.0060***
[0.0008]
895,882
0.0004

895,882
0.0005

Notes. The unit of analysis is an application to a job posted by the
treatment/control group client during the study. The mean for the
dummy variable Hired is 0.029; the standard deviation is 0.169. Robust standard errors in brackets.
***p < 0.01.

SSs are high, using the following regression speciﬁcation at the job-assignment level:
Y  β0 + β1 Treated + β2 SS High
+ β3 Treated × SS High + ε.

(1)

Table 6 reports the regression results. Log(Hours) is
the dependent variable in models (1) and (2). Model (1)
shows that, on average, fewer working hours are reported for jobs in the treatment group than in the
control group, and more working hours are reported
for jobs with high-SS freelancers than with low-SS
freelancers. Model (2) shows that displaying a freelancer’s SS reduces the hours reported by high-quality
freelancers by 13.3% for the treatment group relative
to the control group.9 Models (3) and (4) show similar
patterns using Log(Total_Charge) as the dependent
variable. Revealing a high-quality freelancer’s SS to
the client decreases the total charge by 8.2% relative to
the control group.
One might be concerned that the higher probability
of clients in the treatment group hiring high-quality
freelancers would confound our results. However, we
ﬁnd no correlation between a freelancer with a high SS
and the freelancer charging less or working faster
(see Section 5.2). Further, if clients in the treatment
group are matched with freelancers who are more
productive and charge less, then they should have
lower incentives to disintermediate. In models (5)
and (6), we use Log(Disintermediation_Score) as the
dependent variable. We ﬁnd that clients in the treatment group are signiﬁcantly more likely to disintermediate when the freelancer has a high SS.10
Overall, the evidence suggests that increased trust
leads to more disintermediation. As a result, although
providing SSs makes clients more likely to work with
high-quality freelancers, the expected revenue increase is offset by disintermediation.11
We perform a back-of-the-envelope analysis to
estimate revenue loss due to disintermediation. If the
treatment were rolled out to our control group as well,
then the control group’s percentages of high- and lowSS freelancers hired—31.4% and 68.6%, respectively—
would switch to the treatment group’s 35.5% and
64.5%. In other words, the proportion of high-quality
freelancers hired by the control group would increase
by 4.1% (35.5%–31.4%). The average total charge for a
job by a high-SS freelancer in the control group is 2.23
times that of a job by a low-SS freelancer in the control
group; thus, replacing a low-SS freelancer by a high-SS
freelancer on the same job in the control group would
increase the job’s total charge by 223% − 1 = 123%.
Putting all of this together, the hypothetical rollout
of SSs to all clients would create 4.1% more jobs by
high-SS freelancers, each generating 123% more revenue; thus, if it were not offset by disintermediation,
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Table 6. Ordinary Least Squares Regressions on the Treatment Effect of High SSs on Disintermediation
Model
(1)
(2)
(3)
(4)
(5)
(6)
Dependent variable Log(Hours) Log(Hours) Log(Total_Charge) Log(Total_Charge) Log(Disintermediation_Score) Log(Disintermediation_Score)
Treated

−0.058*
[0.030]

−0.003
[0.037]

−0.034*
[0.019]

−0.002
[0.024]

0.038***
[0.010]

0.018
[0.012]

SS_High

0.348***
[0.032]

0.422***
[0.046]

0.455***
[0.021]

0.499***
[0.030]

−0.098***
[0.010]

−0.128***
[0.015]

Treated × SS_High
Observations
R-squared

−0.143**
[0.064]
14,593
0.009

14,593
0.009

−0.086**
[0.041]
33,561
0.015

33,561
0.015

0.058***
[0.021]
29,690
0.003

29,690
0.004

Notes. Observations are all job assignments created during the study period. The sample in model (1) contains only hourly jobs. The sample in
models (5) and (6) contains only jobs for which there were chat messages exchanged. SS_High is deﬁned as the freelancer having an SS greater
than or equal to 0.9 at the time of the study. Treated, a dummy variable for treatment at the client level, equals 1 if the client is in the treatment
group. Log(Hours) is the logarithm of the number of hours the freelancer worked on the assignment. Log(Total_Charge) is the logarithm of the total
amount of money charged at the end of the assignment plus 1. Log(Disintermediation_Score) is the logarithm of the disintermediation score
computed from all messages associated with the assignment plus 1. Robust standard errors in brackets.
*p < 0.1; **p < 0.05; ***p < 0.01.

the total revenue should increase by approximately
123% × 4.1% = 5.0% when SSs are introduced.
Note that there is a certain level of disintermediation even in the control group. Our estimated revenue
loss represents only the additional revenue loss due to
disintermediation beyond the baseline.

freelancer are in the same country, they tend to have
similar cultural backgrounds that allow them to build
trust more easily than those from different countries.
Proximity also reduces the cost of collaborating outside
the platform, since they may have many other convenient channels for payment and interaction. Thus, the
impact of SSs on disintermediation should be higher
for jobs involving clients and freelancers from the same
country. We create the dummy variable Same_Country,
which equals 1 when clients’ and freelancers’ user
proﬁles show them to be in the same country, and 0
otherwise.
Model (1) of Table 7 reports the regression results using our direct measure, the logarithm of
Disintermediation_Score, as the dependent variable
and including Same_Country as the moderator.12 The
coefﬁcient for the three-way interaction suggests that
clients and high-quality freelancers from the same
country are indeed more affected by the treatment.

categories are modular by nature and can be divided
into independent parts. If a job is modular—that is,
if it is more likely to be divided into parts without
affecting the overall quality of the outcome (e.g.,
Baldwin and Clark 2000)—then it is easier to perform
a portion of the job on the platform, have the client
check the output, and then complete the remainder off
the platform. Thus, we expect the impact of treatment
to be greater for more divisible jobs.
Two types of jobs are considered to be more divisible than others: (a) hourly jobs and (b) ﬁxed-price
jobs with more than one hired freelancer. We compute the percentage of such jobs in each of the platform’s
13 job categories and rank the categories by that
percentage from high to low; the percentages range
from 33% to 88%. We create dummy variables to place
all job categories into three groups based on the extent
to which the jobs are divisible: the Divisible_High = 1
group, the Divisible_Med = 1 group, and the baseline
group. Divisible_High equals 1 for the three categories
with a percentage of divisible jobs in the top 10% of
the divisibility distribution: customer service, sales
and marketing, and accounting and consulting. The
benchmark group includes the job categories with the
least divisible jobs, with a percentage of divisible jobs
in the bottom 10% of the distribution: Translation and
design and creative. For the remaining categories,
whose divisibility is between the top and the bottom
10% of the distribution, Divisible_Med equals 1.13
Model (2) of Table 7 reports the results. As expected, the increase in disintermediation scores for
clients in the treatment group who hired high-quality
freelancers is greater for divisible jobs.

4.3.2. Job Divisibility. The tendency to disintermediate

4.3.3. Expected Duration. Jobs that last a long time

may also vary for different job categories. Certain job

tend to have higher costs, thereby generating the most

4.3. Heterogeneous Tendencies to Disintermediate
We examine various factors that moderate the impact of trust on disintermediation. Online Appendix
Table A.1 provides the summary statistics of all
moderators.
4.3.1. Geographical Proximity. When the client and
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Table 7. Heterogeneity in Disintermediation Tendencies
Model

(1)

(2)

(3)

(4)

Treated

0.019
[0.013]

0.006
[0.023]

0.025
[0.023]

0.063***
[0.017]

SS_High

−0.102*** −0.126
[0.016]
[0.028]

Treated × SS_High

0.041*
[0.022]
−0.037
[0.032]

Same_Country
Treated × Same_Country

−0.026
[0.039]

−0.131*** −0.124***
[0.029]
[0.021]
0.028
[0.040]

0.021
[0.030]

−0.013
[0.046]

SS_High × Same_Country −0.242***
[0.051]
Treated × SS_High ×
Same_Country

0.154**
[0.074]

Divisible_Med

0.079***
[0.019]

Divisible_High

0.243***
[0.030]

Treated × Divisible_Med

0.011
[0.028]

Treated × Divisible_High

0.022
[0.042]

SS_High × Divisible_Med

−0.000
[0.034]

SS_High × Divisible_High

0.048
[0.053]

Treated × SS_High ×
Divisible_Med

0.107**
[0.047]

Treated × SS_High ×
Divisible_High

0.144**
[0.072]

4.3.4. Client Rating. Having established that the dis-

Long_Term

−0.114***
[0.026]

Treated × Long_Term

−0.038
[0.040]

SS_High × Long_Term

−0.021
[0.046]

Treated × SS_High ×
Long_Term

0.112*
[0.063]

Client_Rating_High

−0.132***
[0.017]

Treated ×
Client_Rating_High

−0.089***
[0.024]

SS_High ×
Client_Rating_High

−0.012
[0.030]

Treated × SS_High ×
Client_Rating_High

0.071*
[0.041]

Observations
R-squared

29,690
0.006

29,690
0.014

value for the platform. They also face the highest risk
of disintermediation because clients and freelancers
have the greatest incentive to take the transaction off
the platform. Therefore, we expect to see a greater
impact of the treatment on long-term versus shortterm jobs.
We use the expected job duration, which is selected
by the client when posting the job and ranges from
“less than one week” to “more than six months,”
to create a dummy variable called Long_Term. This
information is self-reported regardless of the job
type. For any job that reports an expected duration,
Long_Term equals 1 when that duration is over six
months and 0 when it is six months or less.
As model (3) of Table 7 shows, long-term jobs indeed have a signiﬁcantly higher disintermediation
score for treated clients and high-quality freelancers
as compared with short-term jobs.

12,118
0.010

29,690
0.014

Notes. The dependent variable in this table is Log(Disintermediation_Score).
Observations are the job assignments created during the study with
nonmissing disintermediation scores. Model (3) includes only jobs
with information on the expected duration. Robust standard errors in
brackets.
*p < 0.1; **p < 0.05; ***p < 0.01.

intermediation tendency varies with the business
reputations of freelancers, we investigate whether it
also varies with clients’ reputations. We expect that,
given the same SSs, freelancers tend to trust highly
rated clients more and are, therefore, more willing to
take the job off-platform.
Using a client’s past transactions and corresponding
star-rating feedback, we compute the number of ﬁvestar jobs in each client’s job history. We create the
dummy variable Client_Rating_High, which equals 1
when that fraction is higher than the median for all
clients, and 0 otherwise. Model (4) of Table 7 reports
the results. We ﬁnd that, when both the freelancer and
the client are trustworthy, revealing more information about the freelancer’s business reputation boosts
their willingness to work off-platform.
We also examine client size as a possible factor that
could lead to heterogeneous tendencies in disintermediation on the platform, using self-reported clientsize data. As large companies are usually less concerned about cost and more about quality, they tend
to place more value on the platform’s role in facilitating transactions and, thus, have less incentive to
disintermediate, even with trustworthy freelancers.
We expect individual clients or clients who post jobs
for smaller companies to be more sensitive to job cost
than clients who post jobs for large companies. We do
not ﬁnd signiﬁcant results. The lack of signiﬁcance
could be due to insufﬁcient data, since the information on ﬁrm size is self-reported and is missing for
97.4% of the jobs in our sample. It could also be that,
since the service fee is a ﬁxed percentage of the
transaction value and can become substantial for

10
large jobs, large clients may ﬁnd the savings from
disintermediation just as attractive as small clients do.

5. Robustness Checks
5.1. Contamination Between the Treatment and
Control Groups
As with any experiment conducted in a real platform,
one might be concerned about violations of the stable
unit treatment value assumption (Blake and Coey
2014). This concern of possible contamination is mitigated by two factors. First, the total number of clients in
the trial constitutes only 3% of all clients on the platform.
Second, the platform has substantially more freelancers
than clients. Indeed, the job ﬁll rates for the two groups
are not different.
Nevertheless, we consider two possible sources of
contamination. First, in our setting, treated clients
may be better able to target high-quality freelancers,
thereby leaving the control clients a pool of lowerquality prospective job applicants. This may result in
an exaggeration of the treatment effect when we
compare the quality of freelancers hired by clients in
the two groups. We conduct a t-test to compare the
mean SSs of freelancers who apply to job posts in each
group and ﬁnd that there is no signiﬁcant difference
between the SSs of applicants in the treatment group
and those in the control group (p = 0.49).
Second, it is possible that some freelancers, after the
disclosure of their SSs, are approached more often by
clients in the treatment group to disintermediate the
platform and may in turn suggest to clients in the
control group to conduct transactions off the platform. This possibility may result in an underestimation of the treatment effect. We ﬁnd that 11.1% jobs
in the control group have been assigned to freelancers
who have been matched to clients in treatment groups.
After excluding these jobs, as expected, our results become slightly stronger (Online Appendix Table A.3).
5.2. Selection of Freelancers
Prior to the availability of SSs, clients may have used
price as a quality signal and selected freelancers who
charge more. However, with the availability of SSs,
clients may select freelancers who have a high SS but
charge less because they are more efﬁcient and can
complete jobs faster. While this scenario does not explain our ﬁndings based on Disintermediation_Score, it
is consistent with our ﬁndings that jobs done by highSS freelancers in the treatment group take less time
and cost less.
To test this alternative explanation, for each freelancer, we calculate the average number of job hours
and average total charge for all assignments completed in the six months prior to the study timeframe;
we use Past_Hours and Past_Total_Charge to denote
these variables. We then repeat our analysis in models (1)
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through (4) of Table 6 with the logarithms of Past_Hours
and Past_Total_Charge as dependent variables. If highSS freelancers were hired by clients in the treatment
group because they could work more efﬁciently and,
therefore, charged less than freelancers in the control
group, then this difference should be evident in their
work completed prior to the study.
Online Appendix Table A.4 reports the results. We
ﬁnd that high-SS freelancers hired by clients in the
treatment group during the study do not appear to
work faster or charge less than high-SS freelancers
in the control group prior to the study. The results
also suggest that clients in the treatment group are
not selecting freelancers with greater tendencies
to disintermediate.
As another robustness check, we compare the actual job duration—measured by the number of days
between the start date of a job to the date on which the
client marks the job as completed—to the expected job
duration when the client posts the job. A client is asked
to indicate estimated job duration when posting a job
by selecting one of the ﬁve following options: “more
than six months,” “three to six months,” “one to three
months,” “less than one month,” and “less than one
week.” First, we compare the distribution between
the treatment and control groups and do not observe signiﬁcant differences in expected job durations (p = 0.239), thereby suggesting that these jobs
are comparable. If the fewer hours for jobs in the
treatment group are indeed caused by clients’ selection of more efﬁcient freelancers, we would expect the
actual duration of these jobs to be shorter. However, if
they are caused by disintermediation instead, then the
actual job duration may not be shorter. By not marking
the jobs as completed before their actual completion, the
clients could leverage instrumental trust (Bapna et al.
2017) by reserving the option to report to the platform or
leave negative ratings if the freelancers do not complete
the jobs satisfactorily.14 We compare (the logarithm of)
the actual job duration between the two groups and
ﬁnd that jobs in the treatment group take 0.75% longer
than those in the control group (p = 0.260).
These results boost our conﬁdence that the differences in the hours and total charges are caused by
greater disintermediation.
5.3. Robustness of the Disintermediation
Score Measure
Because the disintermediation score is constructed
from a dictionary of company-developed keywords,
one might be concerned about whether the keywords
accurately capture user intention to disintermediate,
such as when there is a great match between a client’s
need and a freelancer’s skill but the freelancer has a
very low SS. Before hiring such a freelancer, the client
may devote more efforts into interviewing the
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freelancer to mitigate the risk, which may involve asking
for the freelancer’s contact information. However,
such behavior does not indicate intention to disintermediate. Although these cases bias against ﬁnding
an effect,15 to address this concern, we create a more
robust disintermediation score based only on keywords that explicitly indicate an intention to disintermediate, such as “avoid fees,” “save 10%,” and
“wire me/you/us,” and excluding ambiguous keywords such as “your phone number” and “Skype.”
Online Appendix Table A.5 reports the results after
repeating our analysis with this new disintermediation score (Disintermediation_Score_Robust). The results obtained are qualitatively the same. The coefﬁcient of the interaction term is smaller because the
new dictionary includes fewer keywords.
5.4. Is it All About Speeding up the
Inevitable Outcome?
Tryouts between clients and freelancers may also help
build trust (e.g., Gulati 1995). After tryouts, clients and
freelancers who had positive experiences with one another may decide to disintermediate. If disintermediation is inevitable because of tryouts, introducing a better
reputation score may only help speed up this outcome
by reducing the duration of the tryout period.
However, tryouts have their limitations and are not
perfect substitutes for a better reputation system.
First, for a durational job, the experience can vary
within the same job—it is not uncommon to have a
good start and a terrible ending. In other words, the
initial experience in a job does not necessarily indicate
its ﬁnal success.
Second, experiences with the same freelancer can
vary across jobs. For example, it is possible for freelancers to build their reputation ﬁrst and later exploit
customers who trust them the most (e.g., Liu 2011).
Further, clients typically use online freelance platforms to fulﬁll ad-hoc needs. On the platform that
we studied, although the platform has been in the
business for more than 10 years, the median number
of successfully ﬁlled jobs per client is two.16 Thus, for
most clients, their limited number of past interactions would not sufﬁciently help reduce uncertainty.17
These clients would value an accurate reputation
system—which includes freelancers’ past performance
for many clients—because these ratings capture the
overall satisfaction for all jobs completed, and the
rating variation represents truthful uncertainty.
Consistent with these arguments, Kim et al. (2012)
ﬁnd that trust exerts a stronger effect than perceived
price on purchase intentions for both new and repeat
customers of an online store. In a setting like ours,
where tasks are heterogeneous across jobs and over
time within a job, we expect that the efﬁciency of
tryouts in building trust is even lower.
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In fact, one might expect that SSs have a greater
impact on clients who have had some past interactions with the same freelancers. A good SS and clients’
personal positive experiences can work in combination to build sufﬁcient trust for clients to be willing to
disintermediate. Furthermore, after having some interactions with freelancers, clients may feel more comfortable suggesting taking transactions off the platform.18
In 21.1% of the job assignments in our data set, the
clients have already had past interactions with the
same freelancers. These clients most likely had positive
experiences with the freelancers and thus decided to
work with them again. If we restrict the analysis to these
repeated interactions, then we ﬁnd that SSs continue to
have signiﬁcant effects (Online Appendix Table A6).
The magnitude of the effects is actually greater for
repeated hires than for ﬁrst-time hires, thereby suggesting that, even with tryouts, certain clients still
choose not to disintermediate and that the introduction
of SSs, in addition to their own experiences, motivates
them to disintermediate.19
5.5. Client Satisfaction with High-SS Freelancers
Another potential explanation for the lower fees and
hours is that high SSs may have raised treated clients’
expectations of the freelancers. Treated clients may
therefore end jobs prematurely and pay less as a result
of dissatisfaction rather than disintermediation.
To test this alternative explanation, we collect data
on clients’ feedback on freelancers after each job assignment in our sample. The number of jobs for which
the client did not leave any feedback is similar for both
the treatment and control groups (30.1% and 29.8%,
respectively). We replicate the analysis in Table 6,
replacing the dependent variable with the client rating
for each job assignment. Online Appendix Table A.7
shows that neither the coefﬁcient for being in the
treatment group in model (1) nor the coefﬁcient of the
interaction term in model (2) are statistically signiﬁcant.
Thus, our ﬁndings are not driven by reduced client
satisfaction with the work of high-SS freelancers.
5.6. Who Initiated the Disintermediation?
As SSs were only revealed to the clients in the treatment group, if revealing SSs indeed resulted in more
disintermediation, we expect that clients in the treatment group are more likely to initiate disintermediation.
Among the job assignments in which disintermediation
is detected, a t-test comparison shows that clients in
the treatment group indeed initiate disintermediation 3% more frequently as compared with clients
in the control group (p = 0.042).
5.7 Clients’ Strategic Choice of Job Type
After observing SSs, clients interested in disintermediation might strategically select hourly jobs,
as these are more conducive to disintermediation.
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We test this using data on clients’ job openings and
running several t-tests to compare the number of
hourly versus ﬁxed-price jobs that clients posted
over time.
Overall, the distribution of job types is different
between the treatment and control groups (p = 0.029),
with clients in the treatment group posting a slightly
larger proportion of hourly jobs than clients in the
control group (1.2% higher). We split the job-opening
sample into subsamples of clients’ ﬁrst job posts and
subsequent job posts and then repeat the comparison
for each subsample. We ﬁnd no difference in the
distributions of job types between the treatment and
control groups in the subsample of clients’ ﬁrst jobs
(p = 0.986). However, there is a signiﬁcant difference
for the subsample of subsequent job posts: the percentage of hourly jobs posted is 3.5% higher in the
treatment group (p = 0.0004).
This result suggests that while clients in the treatment
group do not appear to take SSs into account when they
post their ﬁrst job (as most become aware of SSs only
when they review proposals for their ﬁrst job posts),
they are more likely to post hourly jobs subsequently.
This result supports the explanation that clients in
the treatment group are, on average, more inclined
to disintermediate.

6. Discussion and Conclusion
We provide empirical evidence on disintermediation
and show that disintermediation can sometimes render
less effective a platform’s strategy to improve its
proﬁtability through enhancing trust. An important
challenge in studying disintermediation is the observation of disintermediated transactions. Our study
shows that digitization can help overcome this challenge by capturing detailed data on user communication and activities.
We examine only one type of disintermediation. In
reality, there are other means by which users can
disintermediate an online platform. For example, a
user can use a platform to ﬁnd an ideal match and
then directly contact the other party without ever
initiating a transaction on the platform. In this study,
the ﬁll rate does not signiﬁcantly decrease for clients
in the treatment group, but this type of disintermediation could occur more frequently in other settings. A user may also complete one transaction on
a platform and then take all future transactions with
that party off the platform.
In addition, our study examines only the short-term
effect of building trust. As more users on the platform realize the beneﬁts of disintermediation, there
could be an increase in the negative effects of enhanced
trust on platform revenue. Our result that clients
change their job format after posting their ﬁrst job
suggests that they do learn from their experiences.
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Since not all clients hired freelancers twice during
our experiment, we would expect to have more disintermediation as a result of this learning if the experiment had run for a longer period of time. Overall,
the strategic behavior may increase the negative effects of trust building in the long term. At the same
time, a better trust-building mechanism may attract
more users to the platform or may incentivize clients
to post more jobs or jobs of higher values, thereby
resulting in greater revenue. Thus, the long-term effect
is ambiguous.
Finally, whereas we observe repeated interactions in
our data, our experiment does not allow us to estimate
the causal relationship between repeated interactions
and disintermediation. With repeat interactions, one
needs to worry about reverse causality: whether repeated interactions lead to disintermediation, or whether
the intention to disintermediate leads to repeated interactions. Future research could conduct more experiments to compare the effectiveness of a better reputation
score and repeated interactions or other trust-building
mechanisms in driving disintermediation.
Notwithstanding these limitations, it is important
to note that the main objective of our research is not to
conduct a net beneﬁt analysis to determine whether it
is optimal for platforms to implement SSs. Rather, because trust building is important for platform growth, it
is of vital importance for a platform to build as much
trust as possible. At the same time, our research highlights a negative effect of trust building and suggests
that, as a platform builds more trust to facilitate transactions in its marketplace, it needs to adopt appropriate
strategies to counter increased disintermediation.
Platforms could use a variety of strategies to reduce
disintermediation as they enhance trust. Airbnb, for
example, enhances trust and safety through host ID
veriﬁcation and background checks. At the same time,
Airbnb reduces disintermediation by withholding host
data, such as listing address or phone number, until the
payment is made. Thumbtack, a marketplace that connects consumers with local service providers, such as
house cleaners, captures value pretransaction: when
customers post job requests on Thumbtack, service
providers can send quotes to the customers; service
providers pay fees to Thumbtack only if customers
respond. Disintermediation affects Thumbtack less
strongly because its model captures value before two
parties agree to work together.
Other platforms recognize that the motivation to
disintermediate comes from the service fees they
charge and adopt different value-capture strategies to
prevent disintermediation while still enhancing trust.
For example, the Chinese outsourcing platform ZBJ,
which launched in 2006 with a 20% commission
model, began pursuing other revenue sources after
calculating that it could lose as much as 90% of its
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business to disintermediation. In 2014, ZBJ leveraged
big data analytics to ﬁnd that new business owners
often used ZBJ to outsource logo design. However,
after logo design, many of these clients would also
need business and trademark registration. Thus, ZBJ
began offering this service and has now become the
largest provider of trademark registration in China.
Replicating this experience, ZBJ began providing
several other services to its platform participants.
With these revenue streams, the company decided to
reduce signiﬁcantly its commission to as low as 2%
and shifted its resources from ﬁghting disintermediation to growing its user base and building trust
(e.g., by encouraging clients and freelancers to communicate; for more details, see Zhu et al. 2018).
Because of these changes, the company obtained a
valuation over $1.5 billion in 2018. Future research
could examine the effectiveness of various strategies
that platforms use to mitigate disintermediation.
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Endnotes
1

Private feedback is collected at the same time as public feedback
when the job is closed, and both parties are informed that the private
ratings are visible only to the platform.

2

SSs are only implemented for freelancers, because providing better
services to clients is a priority for this platform.

3

By design, an SS is only available after a freelancer has sufﬁcient
historical job data on the platform, which is usually after ﬁve projects
or having worked with at least three clients. Freelancers without SSs
appear the same to clients in the treatment and control groups and
thus are not considered part of the study.

4

For example, the platform learns about disintermediation when users
seek its help with disputes or payment enforcement for transactions
off the platform. In other trials, the platform issued warning messages
based on disintermediation scores of chat messages and has improved
the accuracy of disintermediation scores based on user feedback.

5

Our results continue to hold if we let Disintermediation_Score = 0 for
job assignments with no messages.
6

As a robustness check, we replace the threshold for SS_High with
75%. All of our ﬁndings still hold. The use of this dummy variable
allows us to take the nonlinear effect of SSs into account.

7

We add 1 to Total_Charge and Disintermediation_Score before taking
logarithms to avoid taking logarithms of zeros.

8

As requested by the company, the actual values of the measures are
not reported in order to protect the company’s data conﬁdentiality.

9

We also add category controls to each model in Table 6, and the
results remain virtually unchanged. We also use the difference between each job’s posted price and actual price as an alternative
dependent variable. Because posted prices are similar between the
two groups, unsurprisingly, we ﬁnd that the treatment group’s actual
charge is signiﬁcantly less than the posted charge for jobs with highSS freelancers, relative to the control group.
10

As the company-assigned weights for the sensitive words could
affect the accuracy of the Disintermediation_Score, we also run a robustness check by repeating the main analysis using a dummy dependent variable to indicate whether the score is above the median
score. We ﬁnd that our results continue to hold.

To demonstrate that SSs are indeed superior to ﬁve-star ratings, we
repeat the analysis separately for freelancers with high SSs and high
ﬁve-star ratings and freelancers with high SSs but low ﬁve-star
ratings. We ﬁnd similar results in each case, thereby suggesting
that once SSs are offered, clients depend much less on ﬁve-star ratings
(see Online Appendix Table A.2).
11

12
The results obtained using the two indirect measures, Log(Hours)
and Log(Total_Charge), as the dependent variables were qualitatively similar.
13

We use category information to deﬁne job divisibility because, as
we show in Section 5.7, clients may strategically choose their job types
after their ﬁrst jobs. As a robustness check, we use job-type information from jobs posted within one month prior to the RCT and
obtain the same sets of categories in each of the three groups.

14

The platform allows clients and freelancers to leave each other
reviews within 14 days after their jobs are marked as completed.

15
This also helps explain why the coefﬁcient for the Treated variable is
positive in model (6) of Table 6.
16

A similar statistic is also reported by Barach et al. (2018) in their
study of a similar freelance platform.

17

Because our sample collection requires a client to post a job during
the 26-day trial, the RCT selects clients that post jobs more frequently.

18

As in most marketplaces, disintermediation is a violation of the
terms of services on this platform, and the platform encourages users
to report such behavior.

19

Note that the results from model (3) in panels A and B of Online
Appendix Table A.6 may appear to suggest that job assignments with
high-SS freelancers are less likely to be disintermediated in repeated
relationships than during ﬁrst-time hires. We obtain these because
disintermediation is harder to detect using our disintermediation
score for repeated transactions. The client and the freelancer could
have already exchanged contact information when they worked for
the ﬁrst time. They could disintermediate without exchanging the
information again during repeated transactions.
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