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Abstract

This paper explains how the problem of reputation credibility may arise in online
freelance markets, as clients often complain about the quality of the completed work
irrespective of the price and the rating of the worker. We develop a dynamic signal-
ing model of falsified reputation purchase by low-skilled freelancers, focusing on a
semi-separating equilibrium in every period. The main result states that when the
costs of purchasing reputation are high, only the maximum rating is bought. This
is due to low-skilled freelancers wanting to be chosen by clients in order to recoup
their losses. When the costs are low, a variety of reputations are observed, but the

reputation mechanism is not credible and adds little new information to prices.
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1 Introduction

Online freelance marketplaces are websites and online platforms which match
self-employed sellers of services which can be delivered electronically to buyers
(clients). The most popular professions on freelance markets are programming,
copywriting, design, web design, translating and tutoring, and music and video
processing (Chechulina, 2016). The demand for freelancers increased by 17.2%
in 2019, and there was a 12.1% increase in wages (Inc., 2019). About 40% of
Russians want to change their jobs and most of them lean toward such professions
as editors, entrepreneurs, or data scientists. An important criterion is the possibil-
ity to work online (TASS, 2020). These trends can be explained by two factors
apart from technological advances. First, freelance markets offer services at lower
prices on average (Ba, Pavlou, 2000). Second, it is a low-cost way to trade with

geographically distant economic agents (Yoganarasimhan, 2013).

However, despite the growth of online freelancing, it faces challenges, and
the main one is information asymmetry. For clients it is difficult to distinguish
whether sellers provide high- or low-quality service. Sellers use this informational
opportunity to act opportunistically (Akerlof, 1970). Therefore, in the absence of
information, sellers may provide low-quality services, escape with advanced pay-
ments, delay the job, not complete it, or steal intellectual property that was given
to them and sell it or use it for their own interests (Yoganarasimhan, 2013). In
order to prevent such violations, online platforms established reputation mecha-
nisms: ratings and written reviews. These mechanisms help to eliminate dishonest
behavior and allow anonymous geographically dispersed players to make deals
without face-to-face interaction (Dellarocas, 2003). Reputation can be of different
forms, but feedback usually includes a rating out of 5 and a non-obligatory written
review about the work completed. Online reputation mediators are responsible for

feedback processing and changing reputation histories on summary statistics (Del-



larocas, 2005). Only with information from past interactions, the trade between

strangers become possible.

Despite the benefits of reputation, it may fail in some cases. For example,
imperfect monitoring, unverified and voluntary feedback, retaliation, and Sybil at-
tacks may influence the true image of sellers (Yoganarasimhan, 2013). Hence, the
question of reputation credibility arises concerning online freelance marketplaces.
It has been argued that no matter how many diverse freelance platforms there are,
clients often complain that the quality of the service is low no matter how much
they pay or what the rating of the freelancer is. Such results can be due to reputa-
tion inflation from the buyer side when peer-to-peer interaction makes clients feel
uncomfortable giving negative feedback (Filippas et al., 2019). They can also be
caused by reputation manipulation by low-skilled freelancers. In this case, reputa-

tion may not work and may lead new clients to sellers with low-quality service.

This paper investigates what happens when feedback can be adjusted at some
cost by low-skilled freelancers. Would the rating system be credible or non-credible?
Can clients trust it while making their choice? Another important issue concerns
the reasonable dynamics of this effect on freelance markets for people who would

like to enter the market.

We construct a dynamic signaling model based on trade names (Tadelis, 1999)
and reputation effects (Fudenberg and Tirole, 1991). The model represents a sim-
plified freelance market and client choice conditional on reputation and pricing.
Reputation is a signal for a buyer about the quality of the service and therefore
low-skilled freelancers want to imitate high-skilled ones. We introduce the mecha-
nism of truthful reputation accumulation and the purchase of false reputation score

from external service, which allows falsifying the reputation signal.

The main result of our analysis is that when the costs of purchasing a false rep-



utation are high, only the maximum rating is bought. The model can be assumed as
a near-dynamic model as the decisions of both parties in each period do not depend
on previous periods, but reputation purchase binds all the periods (see Fudenberg
and Tirole (1991)). We show that reputation can be misleading and does not allow
freelancers to be separated, since when a freelance market exists long enough all
accounts will have a reputation (true or false) which is close to the highest possible

reputation level.

The structure of this paper is as follows. Section 2 considers reputation anal-
ysis in the literature, with a focus on online platform interaction. Section 3 de-
scribes the ingredients and the main assumptions of the theoretical model. Section
4 presents the model solution and section 5 highlights the results. Section 6 offers

some concluding remarks and directions for future research.

2 Literature Review

The first strand of the literature concerns reputation on online freelance plat-
forms. Yoganarasimhan (2013) explores how much attention buyers pay to sell-
ers’ reputation. The author finds that clients pick winners of the auction not only
by price but also by taking into account sellers’ reputation, bid prices, other bid
attributes, and the costs of waiting and canceling. Despite the possibility of reputa-
tion underestimation in freelance platforms because of system failures (Kauffman,
Wood, 2000), Yoganarasimhan (2013) shows that, in reality, buyers value repu-
tation in decision making. The author provides a dynamic structural framework
for modeling and predicting the winning probability under changing parameters
(numbers of ratings, average ratings, and maximum bids). This major finding sug-
gests that reputation is a signal for clients, which is used in the following research.

However, this paper examines the market only from the buyers’ perspective. Our



research uses reputation as a signal for clients, and also focuses on the sellers.

Price and reputation are the key quality signals to clients about the expected
outcome (Gu, Zhu, 2021; Ba, Pavlou, 2002), and freelancer earnings positively

correlate with reputation scores (Gandini et al., 2016).

The problem of reputation inflation is that reputation tends to be biased over
time and does not reveal the true level of quality. Clients misreport if they have a
bad experience, giving high scores even if they do not like the result of the work
(Filippas et al., 2019). Raters are afraid of retribution from sellers and negative
feedback can be costly. Even if there is no possibility for “’tit-for-tat” rating behav-
ior, employers still give inflated reviews as transactions are more personal in an
online labor market. Whereas, there is no inflation effect at impersonal platforms

with product assessment, such as film reviews.

Generally, positive reviews correlate more weakly with the price premium
than negative ones. The latter strongly correlate with low prices and unsuccessful
results of an interaction (Brown, Morgan, 2006). Negative feedback affects the
prices of collectible coins much more than positive feedback (Lucking-Reiley etal.,
2007). In the market of Paul Reed Smith guitars on eBay, negative feedback has an
adverse impact on the likelihood of a sale (Eaton, 2002). These results support the
idea for our model that negative feedback has a larger impact than positive and may
destroy the reputation of a freelancer. Some clients write detailed reviews without
rating the worker, however, text is hard for quick analysis and is usually ignored
(Ma et al., 2021). Even though these papers challenge reputation sustainability,
they do not consider the possible problem of reputation purchase which could be

also inhibit feedback effectiveness.

The second strand of literature concentrates on the broader meaning of rep-

utation mechanisms, without focusing on the platform framework. The use of



reputation as a social control system has been studied for a long time (Greif, 1993;
Milgrom et al., 1990). Tadelis (1999) presents a model about name trade in terms
of reputation. A firm is the bearer of reputation, and its name is an intangible asset
that can be sold. The author considers two-period and three-period models with
an extension to an infinite time horizon. The idea of name purchase by the bad
type agents reveals the fact that the good history of the name creates expectations
of good future performance. If a new agent can secretly buy a name with a de-
cent history, they will earn more revenue than they would with a new name. The
same could happen in the freelance marketplace. Accounts with good ratings and
feedback can be bought by low-skilled freelancers. The purchase of Instagram

accounts with a specific number of followers may also represent the same idea.

Tadelis (2016) describes the role of reputation and how it works in an online
marketplace. He highlights problems of bias in feedback and reputation system

because of retaliation concerns, which confirms that reputation may fail.

The model design for the current research is drawn from Fudenberg and Ti-
role’s chapter (1991) about reputation effects. The Chain-Store Game represents
the situation when reputation is built by a weak (strategic) incumbent, which has
a choice between fighting or accommodating a new entrant to the market. The fol-
lowing model considers a low-skilled freelancer who has a choice between setting
high (or low) prices and thus creating an image for the client as a high (or low)

skilled freelancer.

The third strand refers to rating systems and the possibility of rating purchase
and manipulation. There is much evidence that people are influenced by opinions
and feedback before deciding to purchase (Thompson, 2003; Chevalier, Mayzlin,
2006). One review may influence all sellers, as buyers update their beliefs using
this small piece of information. Buyers may decide to remain silent and leave the

market after an unsuccessful deal without any feedback. This situation may incur



a positive bias in sellers’ reputations, which makes the reputation mechanism itself
less efficient (Nosko, Tadelis, 2015). However, not only the buyer may influence
on the efficiency of reputation. There are also many manipulation strategies in on-
line platforms by sellers, which makes it difficult for clients to infer the true quality
of the product (Dellarocas, 2006). Dini and Spagnolo (2009) identified the prob-
lem of buying reputation on eBay. They showed how the reputation system can be
manipulated by purchasing cheap positive feedback and that this may influence the
trust of buyers. Brown and Morgan (2006) also discussed the market for feedback
and if someone decides to search for “positive feedback” in the eBay search engine,

there are many results with low prices for e-books, digital photographs, etc.

Extremely positive feedback is not always the best way to maximize profits.
Strategic consumers who are fully aware of the seller’s censorship capabilities may
treat any bad review as good news about product quality. The model of Smirnov
and Starkov (2022) reveals that having no bad reviews is perceived as a bad sign
for strategic consumers because any new piece of information improves their be-
liefs about the product. However, an improvement in reviews also may lead to
an increase in sales (Chevalier, Mayzlin, 2006). Thus, the problem of purchasing
feedback and ratings is common and complicates the buyer’s choice. Once firms
using feedback manipulation, they may be locked into a race, which will cause a
decrease rather than increase in profits (Dellarocas, 2006). In this case, it is im-
portant to study the possible effect of feedback manipulation in online freelance

platforms as previous studies were not focused on different types of sellers.

3 Market participants

Consider a dynamic model, where in each period a client (buyer) employs a

freelancer (seller). There are two types of freelancers, depending on their service



quality: high and low skilled. They have different levels of productivity 65 and
01, respectively, where 6 > 6. Levels of productivity do not depend on the
effort of freelancers and reflect the utility of a client from working with a particular
freelancer. The share of high-skilled freelancers is py € [0, 1], while the share of
low-skilled freelancers is 1 — py. The distribution of agent types is constant over

time.

Assume that high-skilled freelancers set only a high price 7, as setting a low
price 7, 1s the worst strategy for theml (mg > 7, > 0). Low-skilled freelancers
may choose to post either a low price or a high price. When a low-skilled freelancer
sets a high price, they compete with high-skilled freelancers for the same consumer,
who cannot distinguish them. In the long term, when reputations are established,
low-skilled freelancers must care also about the similarity of reputation with high-
skilled ones to be indistinguishable. When a low-skilled freelancer sets a low price,
they reveal their type and attracts only the category of clients who avoid any risk

and prefer not to pay more for the phantom chance of high quality.

When the game starts, at £ = 1, freelancers can only post prices. No rep-
utations exist at this period. Observing the distribution of prices and comparing
this with a prior distribution of types, a mass of clients, normalized to 1, chooses
with which probability to hire the freelancer with a low or high price. After this
period, a high-skilled freelancer gets one positive feedback for free, such that their
reputation becomes equal to the probability to be chosen. A low-skilled freelancer
receives negative feedback, which destroys the possibility of operating effectively
on the platform using their current account in the future. In the next period, they
start from the scratch and create a new account. This account could either be with
no reputation (an empty account), or with a corresponding level of fake reputation

if the low-skilled freelancer decides to act opportunistically and buy reputation.

'We take this assumption from Tadelis (1999). This can be extended to different prices for high-skilled freelancers,

which makes further analysis more complicated technically, but keeps the same qualitative conclusions.



The latter could be done if they want to compete with high-skilled and high-rated

workers, but this is costly.

At every next period, a new client observes the actual distributions of prices
and reputations, and they are familiar with the average platform quality, repre-
sented by py. In this case, a client can update the posterior distribution to find a
high-skilled freelancer among those with high prices and the highest reputation,
but they have no real experience of being able to choose a known and guaranteed
high-skilled freelancer. The reputation of a truly high-skilled freelancer is just the
expected accumulated reputation from being chosen in every previous period. The
falsified reputation of a low-skilled freelancer can be the same or lower. Accu-
mulating a high reputation is free of charge for a high-skilled freelancer, but it is
costly for a low-skilled one, since they have to pay for an extra level. Thus, the
latter should calculate whether a higher rating attracts a sufficient number of new

clients to compensate expenditures for purchasing a fake reputation.

Let us solve the model for different periods starting from the point of reputa-

tion absence.

4 Dynamic model

4.1 t = 1: no reputation

When the platform is established, a set of freelancers enters the market. The
prior belief of a client is that they meet a high-skilled freelancer with probability
po. First, a low-skilled freelancer sets price my with probability \; and 77 with
probability 1 — A;. A high-skilled worker posts 7y with probability 1 as she is

not a strategic agent in the model. The posted price is a signal to a client about



the expected quality of service. The client’s utility includes the productivity of a
worker determined by their true type minus the paid price. The client observes the
price strategies and updates their beliefs about the distribution of types using the

Bayesian rule:

Po
po+ (L —po)Ai’
Prob(0g|mr) = 0.

p1 = Prob(0g|my) =

Taking this update into account, we can construct the expected utilities of a
client from choosing a cheap or an expensive freelancer:
EU.(mg) =pg + (1 —p1)0 — g,
EU.(rp) =0 — 7p.

Since we are motivated by a situation when clients have different experiences
on the platform and choose workers with different prices, we equalize the two
expected utilities. This implies

plZﬁﬁl <~ 7wy — 7 <0y —0r.

This condition implies that a situation when all freelancers can gain a positive
demand in equilibrium is possible only if the difference in quality is greater than
the difference in prices. In order to generate such a posterior belief, a low-skilled
freelancer should randomize with probability

100(M —1)

)\1 TH—TL

- 1 — po

The reverse logic holds for freelancers: a low-skilled worker considers mix-
ing only if they are indifferent between the two available prices. This is reached
when a client chooses workers with different prices with some positive probabil-
ities. Assume that the probability of a client ordering services from a freelancer
with the price 77 is ] € [0, 1]. Then the probability of choosing a low-skilled free-
lancer with the price 7 is (1 — a1)(1 — p;). The expected utility of a low-skilled

10



worker from different pricing strategies is given by
EUM(mg) = (1 = p1)(1 = of)ma,

EUE(71p) = alry.

This allows us to describe an equilibrium choice of a client at the first stage:

1 _ TL
1 (1 —p1)my + 71

1l -«

Comparing the shares of clients preferring high or low prices and accounting

for the formula for p;, we deduce the following proposition.

Proposition 1. Under the absence of reputation, the majority of clients decide to

order services at the low price iff the difference in productivity is higher than .

In this case, the posterior belief that the expensive freelancer is high-skilled

1s too low, which motivates clients to avoid risk.

The equilibrium is generally semi-separating, which means that a low-skilled
freelancer uses both prices as signals with positive probabilities. However, when
the difference in prices grows to the difference in productivity, the equilibrium

tends to be separating.

Proposition 2. Under the absence of reputation, when the difference in prices
equals the difference in productivity, prices reveal the quality of service and low-
skilled freelancers set only low prices.

Opr—6
pO( H L—l)

Proof. f mg — wp, — Oy — 61 then A\ = % — 0. This means that

the semi-separating equilibrium tends to the separating one, and the share of low-

skilled freelancers competing in price with high-skilled shrinks to 0. []

Since this proposition is obtained under the assumption that clients must choose

both categories of offers, we may claim that this happens only if all low-skilled

11



freelancers choose the low price. Even a small deviation to the high price shifts

the posterior probability down and enforce clients to avoid the high price offer.

After clients make their choice and the interaction occurs, a high-skilled free-

lancer will get a unit of positive feedback (rating) for free, and their expected rep-
1

max

utation after period 1 will equal RL. = (1 — ai)p;. A low-skilled freelancer will
get negative feedback, which makes their further operation on the platform with

the current account unprofitable.

4.2 t = 2: first possibility to buy a fake reputation

Att = 2, alow-skilled freelancer has to create a new account on the platform.

If they prefer to operate as a new worker, it will be obvious for a potential client

that an empty account without reputation belongs to a low-skilled freelancer, re-

gardless of the posted price of service. In order to imitate a high-skilled freelancer,

now the low-skilled freelancer should be indistinguishable in both price and rating.
1

Therefore, they should make a purchase of R,,,, fake reputation points to mimic

effectively. Let one unit of fake reputation cost ¢ in some external complemented
1

max

market of fake accounts. Assume that a low-skilled freelancer decides to buy R
reputation with probability 7» and not to buy any reputation and compete with an
empty account with probability 1 — ~o. If RL _ points are bought, then they set the
high price with probability \o. If a low-skilled freelancer does not buy maximum

reputation, then the low price is always set, since no client will choose a freelancer

1

—-ax Teputation. The choices of a freelancer are

with a high price and lower than R
presented in the Fig. [I|.

After the reputation-price decision of freelancers, a client observes the prices
and the reputations on the platform. They also remember the prior distribution py.

The client understands that only a freelancer with the high price and maximum

12
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Figure 1: t =2, RL = (1 —al)p

max

reputation can be high-skilled. The posterior belief of this situation is calculated

as:

) _ Po
e po + (1 — po)y2Ae

P2 = PT(@H‘T('H, Rl

Clients build their expectations about the benefits from choosing different

combinations of prices and reputation.

EUc(mh, Ryay) = p2fr + (1 = p2)0 — 7ar
EUC(T('L,Rl

max

EUC(TFL,O) = QL — T

)I@L—WL

It is clear now that the client will never choose a freelancer with a high price
and zero reputation, that is why we have already excluded this strategy for a low-
skilled freelancer as dominated. In order to motivate a freelancer to choose any
other kind of strategy and produce variety on the platform, we claim that all kinds
of freelancers are chosen in equilibrium by some share of clients. Hence, we put
the indifference condition for a client between all the utilities above. This yields
Py = % and, thus, p» = p;. Probability A\ of posting a high price if the maxi-

mum reputation is bought is also calculated as




so the total probability of imitating a high-skilled freelancer remains the same.

Similar to ¢ = 1, we claim a low-skilled freelancer is indifferent to choosing
any of the three strategies (except for (7, 0)). Let a2 € [0, 1] be the probability of
a client ordering services from a freelancer with the price 7, and zero reputation,
a3 € [0, 1] be the probability of a client ordering services with the price 77, and
Rl

- ax- 1s ordered

Therefore, a service with the price 7y and the reputation Rl i

with probability 1 — a? — o3 € [0, 1]. Then the expected utilities for low-skilled

freelancers with different reputation levels and prices are

EU (TrHv ernax) (1 - pQ)(l - O‘% - 062) ernax
EU (7TL7 ernax) — a27TL R,

EUE(rp,0) = ainy.

Equating the given expected utilities pairwise and noting that p; = p,, we get

expressions for o, a3, 1 — a? — o3.

, (L= p)my(l— o) — RL e
Oél =
2(1 — py)mg + 71

, (I—p)ma(l+ P =)
a5 =
2(1 — py)my —|— T

1—af—a3= 7L+ Hi
2(1 = p1)mm + 71

2 < a3. In other words, even if

The first immediate implication is that «
clients understand that a low price means low quality, they are ready to choose a

freelancer with a reputation more often than without it.

14



It is clear that o < 1, a3 > 0, 1 — a? — a3 > 0. Other restrictions on the

probabilities provide the following conditions for the cost c:

) 9 (1—p1)mymrL

ai >0 = C<OT R r0p)rn)
9 2 WL((l—pl)FH“rWl)

O[Q S ]‘ :> ¢ S CQ o ernax(l_pl)ﬂ—H

2(1—
l-a?-as<1 = c§c2:—<lel)7TH.

Proposition 3. When the costs of buying reputation are high, there are no free-

lancers who do not buy reputation at t = 2.

Proof- When o3 > 0, there are freelancers who do not buy reputation. Comparing
the threshold values of ¢, one obtains ¢? < 3 and ¢} < ¢? (since ¢} = (1 —aq)/2).
Therefore, cf is the lowest threshold and with the growth of ¢ the very first category

of freelancers that cease to exist are those without reputations. If ¢ > ¢, then only

1

- ax Operate on the platform. ]

freelancers with a reputation R

This can be explained by the fact that if the cost of buying reputation is too
low, then agents understand that consumers will know this fact. Reputation can be
easily purchased in this case and it becomes a weak signal. Workers with different
reputation levels will provide only low quality for clients, which makes their expe-
rience on the platform unsatisfactory. However, when reputation costs are higher
than c?, reputation starts to be a better signal. If ¢ > ¢} then freelancers with zero
reputation do not exist, and a client chooses between freelancers with high repu-

tation and a low price versus high reputation and a high price. This means that a

1

max Fating. Itis equivalent to using the condition

low-skilled freelancer has to buy R
a3 = 0 in their utilities. However, in this case we come across the exact situation
solved at ¢ = 1, and the clients select in the same proportion as at ¢ = 1. Therefore,

propositions [1| and 2 hold for this case.

15



4.3 Arbitrary ¢t > 2: variety of reputation

Until period ¢, a high-skilled freelancer has accumulated reputation R!_! for

free. This is just the sum of probabilities of being chosen in all previous periods;

we define the formula below, after introducing the system of notation.

A low-skilled freelancer has to create a new account. When they decide what

t—1

level of fake reputation to buy, it becomes obvious that any level lower than 77 ;

immediately reveals the low quality of their services. A freelancer with a lower
than maximum reputation will never set a high price, since a client never chooses

them in this case. Assume that a low-skilled freelancer decides to buy the max-

t—1
max

imum reputation R! . with probability v;, and after this they post the high price
with probability )\;. The posterior belief of a client that a freelancer with the high
price and reputation is high-skilled is given by

= Pr(fy|m ,an_}( = Po .
b Onlm: ) po + (1 — po)ye

Assume that a low-skilled freelancer can buy any rating from the finite grade
Ry < Rl < Ry < ... < R, , < R, |, where R = 0 and R, |, = RL..
This is reasonable only if a client may choose a freelancer with any given level of
reputation, so a client must be indifferent among all offers (7, R, ,), (71, R ),
(mr, Rt o), ey (71, RE). Similar to ¢ = 2, this provides the condition for posterior
beliefs p;, = p; and the probability of imitating a high-skilled freelancer \; - v, =
A1. Thus, it is clear that in every period, the equilibrium strategy of a low-skilled
freelancer equalizes the client’s expected utilities of any experience on the platform.

This implies the same expected share of a high quality service at every moment.

Since a client is indifferent between offers, let them choose a freelancer with

a low price and R!, i = 0, ..., k — 1, rating with probability o/, and a freelancer
with the high price and R';,! rating with probability 1 — S_7_, o. There are free-

max

16



lancers who buy all these different ratings only if clients are indifferent among the

corresponding utilities:

EUM (g, Riyh) = (1= p)(1 = S0 al)ymy — Rigle

max
EUEF(mp, RY) = ol mp — Rle, i=0,...,k—1
We can represent any probability of in terms of o!:

t
t ¢, R

Q1 = O

L
Equalizing EUL (ng, RLL) = EUE (7, R ) = almr, we obtain

(1—p)ma(l— <305 R — Rizle

ol =
k(1 —p)mg + 7

Y

. (L=p)Z (7 + (kR — S RY)
Oék = s
k(l —p1)7Tg + 7L

(kRL.: — S0 R
1— Za max Zz:l z) + 7TL.
k(1 —p1)my + 7

For any t, evidently, o < 1, af > 0, and 1 — Zle af > 0. Moreover,
o, > ol. This means that clients always value reputation and choose freelancers
with a higher rating more frequently, even if they understand that they can be
low-sklled. This effect compensates for the larger expenditures of a low-skilled

freelancer on the purchase of a higher reputation. The reverse restrictions on prob-

abilities generate the conditions on c:

(1 —p))mgmg

>0 = c<d= = k=1 ot
7 Rinax + (1 - pl)ﬂ-H Zi:l Rz

k
1 —
1—5 afgl = c<d= ul pl)]:i}f .
- kRinax — >y Bl
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The notation for intermediate thresholds ¢! is:

a;, >0 <— c < c.

7

S5 Results

From the equations above, it follows that of < of < ... < of < al; <
... < a}. Thenthe thresholds arealso ordered: ¢} < ch < ... <cl <c ;<...<
ck . This means that with the growth of cost ¢, freelancers with the lowest reputation
disappear from the platform one by one. If the grades of possible reputation are

not too dense, meaning k < ¢, the following proposition holds.

Proposition 4. Under the infinite growth of t, the higher the costs of purchasing
reputation, the higher reputation levels present on the freelance platform. In other
words, a wide range of (fake) reputation is observed in the freelance platform only

if the cost of reputation falsification tends to 0.

Remark. A natural special case of the reputation grade corresponds to the situation
when the possible ratings coincide with the maximum ratings from all previous

periods, R} . = R'.". In this case k = ¢, and
t—1 j
1 '
anax - ij <1 - ZO[Z]> :
j=1 i=1

This result shows that under different cost levels, different reputation configu-
rations arise. When ¢t — oo and ¢ — 0 then freelancers with all possible reputation
levels are present in the market. However, in this situation, reputation is a weak
signal as everyone can afford to buy almost free reputation to reach the maximum
level. The only mechanism that will work in this case is the mechanism of price

setting, and reputation adds a little to clients’ choice.
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On the other hand, when fake reputation costs ¢ are high, most freelancers
prefer to buy the maximum reputation points, and again the reputation provides
little new information to clients. Therefore, it doesn’t allow distinguishing the

types of worker effectively.

An interesting property, which extends proposition [, can be obtained by a
comparison of the equilibrium shares of clients o} and 1 — Zle af, who prefer

the freelancer with the highest reputation, but at low or high prices respectively.

Proposition 5. Under an arbitrary distribution of reputation levels, the greater
share of clients decide to order services at the low price and maximum reputation
than at the high price and maximum reputation iff the difference in productivity is

higher than .

This proposition is correct not only in the case where all reputation levels are
present on the platform, but also for greater ¢, when the lowest reputation levels

disappear sequentially.

6 Concluding remarks

This paper sheds some light on the problem of reputation credibility of high-
and low-skilled freelancers in online freelance markets. Reputation does not work
perfectly as there are ways to manipulate it. The main challenge of the current
research is to understand what happens when low-skilled freelancers falsify their
reputation. We show that reputation can be an unreliable signal, though clients used
it (Yoganarasimhan, 2013), (Filippas et al. 2019). We sharpen this idea in order to

demonstrate how reputation on an online platform may fail in the long-run.

The model introduces the mechanism of reputation manipulation by the pur-

chase of fake reputation point/reviews from an external market. The main result
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states that when the costs of purchasing are high, then only maximum ratings are
bought. In this case, the reputation mechanism is compromised, since if the free-
lance market exists long enough, all accounts will have reputation which is close
to the highest possible reputation level. Hence, reputation can be misleading, and
one should not blindly trust in it. The observation of different cost thresholds help
us to specify which reputation levels are bought by low-skilled freelancers. Us-
ing the information on the diversity of reputation levels, it may be helpful for a
quality prediction on a new platform. If the reputation across freelancers does not
vary much and is relatively high, then the costs of reputation falsification may be
assumed to be above average. Otherwise, the more the rating levels diverge, the

lower the cost of reputation purchase for low-skilled freelancers.

Another result is that when costs are low, the reputation mechanism can be
regarded as a weak signal and clients have to make a choice based on prices only. In
this case, there are low-skilled freelancers with different ratings in the market and
all of them can buy some reputation, but the client in fact immediately predicts their
low quality. However, a higher rating here is associated with a greater probability
of being chosen. If any of the low-skilled freelancers set the high price, then they

need to buy the maximum rating in order to be chosen.

There are several possibilities for the future research. First, the range of prices
and productivities can be extended to more than two element sets, and high-skilled
freelancers can act strategically too. Second, the costs of exerting effort by free-
lancers may be implemented. It could be assumed that both types of freelancers
may do their job well, however, low-skilled workers need to make more efforts
for this. This may add more validity to the results of the given framework and,
by analogy with Spense’s job market signaling model, may even rehabilitate the

reputation mechanism by amplifying the incentives for type separation.
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