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Abstract. Hiring in online labor markets involves considerable uncertainty: which hir-
ing choices are more likely to yield successful outcomes and how do employers adjust
their hiring behaviors to make such choices? We argue that employers will initially
explore the value of available information. When employers observe successful out-
comes, they will keep reinforcing their hiring strategies; but when the outcomes are
unsuccessful, employers will adjust their hiring behaviors. To investigate these dynam-
ics, we propose a two-component framework that links hiring choices with task out-
comes. The framework’s first component, a Hidden Markov Model, captures how
employers transition from unsuccessful to successful hiring decisions. The framework’s
second component, a conditional logit model, estimates employer hiring choices. Anal-
ysis of 238,364 hiring decisions from a large online labor market shows that, often,
employers initially explore cheaper contractors with a lower reputation. When these
options result in unsuccessful outcomes, employers learn and adjust their hiring behav-
iors to rely more on reputable contractors who are not as cheap. Such hiring tends to be
successful, guiding employers to reinforce their hiring processes. As a result, the mar-
ket observes employers transition from cheaper, lower-reputation options with poorer
performance to more expensive reputable options with better performance. We attrib-
ute part of this behavior to employer confidence and risk attitude, which can change
over time. This work is the first to investigate how employers learn to make successful
hiring choices in online labor markets. As a result, it provides platform managers with
new knowledge and analytics tools to target employer interventions.

History:Accepted by Anandhi Bharadwaj, information systems.
Supplemental Material: The e-companion is available at https://doi.org/10.1287/mnsc.2022.4426.
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1. Introduction
Online platforms overcome many market inefficiencies
by facilitating transactions between consumers and pro-
ducers throughout the world. Online labor markets,
such as Upwork and Freelancer, are prime examples;
they connect independent employers with contractors
who accomplish diverse tasks. These platforms boomed
over the past decade: Upwork, for example, now has
more than 14 million contractors and more than five mil-
lion employers; these contractors complete three million
tasks annually with a total transaction volume of over
one billion U.S. dollars (Lauren 2017, Brier and Pearson
2018). This growth will likely continue (if not accelerate)
in the future as the sharing economy continues to struc-
ture the future of work (Sundararajan 2016, Jain et al.
2018).

Uncertainty in these markets makes hiring difficult.
Although online markets are similar to their offline
counterparts, experience using offline markets does
not entirely translate to these growing platforms.
Available information, for example, differs between

offline and online markets. To identify the best candi-
date, employers in both markets must assess both ob-
served and latent contractor characteristics. Observed
characteristics include a contractor’s skillset, work his-
tory, and certifications. Latent characteristics include a
contractor’s true knowledge and abilities (Geva and
Saar-Tsechansky 2016). But employers have additional
information available in online markets, particularly
for signals of latent characteristics (e.g., worker reputa-
tion; Kokkodis and Ipeirotis 2016). The existence of
latent characteristics and heterogeneity in the observed
ones (Kokkodis and Ipeirotis 2014) creates an uncertain
environment where hiring decisions rely on idiosyn-
cratic assessments of fit between task and contractor
characteristics.

This uncertainty in hiring decisions often results in
unsuccessful hires that are costly for the employer—
and the platform. Figure 1(a) illustrates the distribution
of task outcomes (i.e., the normalized contractor per-
formance) in an online labor market. On average, con-
tractors perform well (mean performance is 0.87 out
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of 1). However, a significant portion (27%) of hiring
choices results in outcomes where contractor perform-
ance is well below 0.8. These unsuccessful outcomes
are costly for the marketplace, as they discourage em-
ployers from continuing to participate on the platform
(Tripp and Grégoire 2011). In fact, 71% of employers
who exited the market in our data (i.e., did not post a
new task for more than three consecutive months) had
one or more unsuccessful outcomes; only 29% of those
employers had only successful hiring choices (Figure
1(b)).

Given how costly unsuccessful hiring outcomes are,
it is crucial for employers and platform managers to
understand what leads to successful decisions and
whether (and how) employers learn and improve their
hiring behaviors. Despite extensive research on the
drivers of hiring decisions in online labor markets
(Yoganarasimhan 2013, Moreno and Terwiesch 2014,
Pallais 2014, Gefen et al. 2016, Kokkodis and Ipeirotis
2016, Lin et al. 2016), we know very little about how
these hiring decisions connect to task outcomes. For
example, employers tend to hire reputable contractors
(Yoganarasimhan 2013, Lin et al. 2016, Hong and Pav-
lou 2017) and are willing to trade off price and reputa-
tion (Moreno and Terwiesch 2014). Yet, what is not
known is how these hiring preferences affect hiring
outcomes and,more importantly, how employers learn
to adjust their behaviors to achieve better outcomes.
Hence, we ask the following:

Which hiring choices are more likely to yield successful
outcomes, and how do employers adjust their hiring behav-
iors to make such choices?

To investigate, we focus on how employers adjust
their assessment of characteristics that affect hiring out-
comes in online labor markets. We argue that market
participants will initially explore the value of plat-
form information (Peterson and Pitz 1988, Busenitz and
Barney 1997, Dequech 1999). While exploring, some
employers might be prone to try lower-cost options
that, on average, have a lower reputation (Moreno and

Terwiesch 2014). Sometimes such hires will be success-
ful; but, on average, they will result in poorer outcomes
(Kokkodis and Ipeirotis 2016). Research on individual
exploitation and exploration suggests that when em-
ployers observe successful outcomes, they will keep
exploiting knowledge they have developed and rein-
force their hiring strategies; but when employers
observe unsuccessful outcomes, they will adjust their
hiring behaviors and keep exploring market informa-
tion (Mom et al. 2007, Lee and Meyer-Doyle 2017, Lee
2019). Combined, these dynamics suggest that the mar-
ket will observe employers moving from lower-
reputation and cheaper options to higher-reputation
and more expensive ones that will result in more suc-
cessful outcomes.

To empirically test these mechanisms, we propose a
new two-component framework that facilitates the
investigation of both hiring behaviors and outcomes. In
particular, the first component of the framework, a Hid-
den Markov Model (HMM), captures how employers
transition from unsuccessful to successful hiring decisions.
The second component, a conditional logit model, esti-
mates employer hiring choices. This structure allows for
a comparison of hiring behaviors as employers move
between successful and unsuccessful decisions; hence, it
links hiring choices with task outcomes for the first time.

Analysis of 238,364 hiring decisions from a large
online labor market provides empirical evidence sup-
porting the relationships we theorize. Specifically, we
show that (1) employers indeed initially explore avail-
able signals and they often select lower cost and lower
reputation alternatives that are more likely to yield
unsuccessful outcomes and (2) employers then learn
from exploration and start to exploit by reinforcing
successful prior hiring behaviors. Finally, the two-
component framework shows that employers who
learn to rely more on contractor reputation and to not
chase cheap contractors become more successful.

Why do some employers choose initially to hire lower-
cost contractors with a relatively worse reputation? We

Figure 1. (Color online) Uncertainty in Hiring Decisions Yields Unsuccessful and Costly Outcomes
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Notes. Employers often make hiring choices that result in unsuccessful outcomes (a). Such outcomes are costly, as they discourage employers
from participating in the market (b). Std, standard deviation.
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argue that confidence, defined as “belief in success,”
might be a plausible mechanism. Employers with higher
confidence will likely have higher risk attitudes and
hence try to beat the market by hiring cheaper contrac-
tors that they consider as good deals. Indeed, some of
these hires will end up being successful; but most will
likely underperform (Liu et al. 2008, Danescu-Niculescu-
Mizil et al. 2009, Lu et al. 2010, Kokkodis and Ipeirotis
2016, Kokkodis 2021). Our learning framework suggests
that employers whose choices underperform will keep
exploring and adjust their hiring behaviors and, as a
result, reevaluate their belief in success and potentially
adjust their confidence and risk attitudes. On the other
hand, employers with lower confidence will have lower
risk attitudes and will hire conservatively by selecting
contractors who are not as cheap but have a good repu-
tation. These choices will tend to be more successful and
will guide many employers to reinforce (exploit) their
hiring behaviors. As a result of these dynamics, some
higher-confidence employers who experience unsuc-
cessful outcomes will adjust their hiring preferences and
transition to lower-risk choices that are, on average,
more successful.

This research extends our understanding of how
users learn in online markets, particularly in online
labor markets. It is the first study to explain how hir-
ing choices affect outcomes and how employers learn
to adjust their hiring behaviors to achieve better out-
comes. Through a new theoretical framework, our
work argues that employers prone to making deci-
sions that are more likely to fail will keep exploring
and adjust their hiring behaviors. On the other hand,
employers who hire successfully will keep reinforcing
their hiring behaviors that exploit already acquired
knowledge. Empirical evidence confirms this frame-
work, showing that as employers transition from
unsuccessful to successful hiring choices, they rely
more on contractors’ feedback scores and become less
price sensitive. Additionally, we provide some evi-
dence that struggles on the platform could stem from
employers’ beliefs in their ability to take advantage of
perceived pricing anomalies but subsequently learn
that the market prices and contractor reputation tend
to correlate with probability of successful outcomes.

Methodologically, our work provides a new two-
component framework that links hiring choices with
task outcomes. This framework provides future re-
search a way to study transactions in these markets
while incorporating both employer-evolving preferen-
ces and task outcomes. Even further, our analysis helps
platform managers understand how employers make
successful hiring decisions. Such understanding is fun-
damentally important as both (1) employers who hire
successfully and (2) contractors who receive positive
feedback are more likely to keep participating (Jerath
et al. 2011, Tripp and Grégoire 2011). In addition, our

framework allows managers to dynamically measure
and track the likelihood of employers making successful
hiring choices. Knowledge of such employer-evolving
trends gives platform managers opportunities to target
interventions and incentivize employers to adjust their
hiring behaviors.

2. Theory
Online platforms in general—and online labor markets
in particular (Agrawal et al. 2015, Lauren 2017, Brier
and Pearson 2018)—have grown substantially over
the past decades supporting the transition of many
business functions from offline to online. In adopting
online platforms, individuals use cognitive structures
from their prior experience that allow them to form
perceptions about uncertainty (Barr et al. 1992) to com-
bine multiple sources of information and assess incom-
plete signal in new contexts (Peterson and Pitz 1988,
Busenitz and Barney 1997, Dequech 1999). New online
platform users encounter a mix of more familiar and
less familiar information that they must assess to
use online platforms successfully. For more familiar
information, cognitive structures they formed outside
the market can help their decisions in the market
but may be less relevant in the new context than they
realize. For less familiar information, new users may
be unsure how to adapt prior cognitive structures
that lack platform-specific context. As a result, new
users must learn to assess market information in the
new context to reduce the likelihood of unsuccessful
outcomes.

2.1. Learning in Online Labor Markets
We use online labor markets as a context to study
learning in such new platforms for three reasons.
First, online labor markets are growing in importance
(Agrawal et al. 2015, Lauren 2017, Brier and Pearson
2018). Second, users must combine observable and
latent information to make a hiring decision. Third,
these markets have offline parallels from which make
some, but not all, platform information familiar from
prior experience. Indeed, the theoretical importance
of online labor markets motivated multidisciplinary
research in areas such as algorithmic contractor man-
agement (Sheng et al. 2008, Horton and Chilton 2010,
Ipeirotis et al. 2010, Mason and Watts 2010); design
choices that increase market efficacy (Gopal et al.
2003, Arora and Forman 2007, Dey et al. 2010, Horton
2010, Allon et al. 2012, Chen and Horton 2016, Kokko-
dis and Ipeirotis 2016, Liang et al. 2017); and, particu-
larly relevant for our context, employer hiring choices
(Yoganarasimhan 2013, Moreno and Terwiesch 2014,
Pallais 2014, Hong et al. 2015, Lin et al. 2016).

In online labor markets, potential employers post
the specifications for work they need, mostly contract

Kokkodis and Ransbotham: Learning to Successfully Hire in Online Labor Markets
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work of fixed time or scope. Once posted, jobs typi-
cally attract numerous applications. Employers then
base hiring decisions on expectations of contractor
performance. Once hired, the contractors complete the
work and the employer observes actual performance
and can assess the success of the hire.

As such, labor is an “experience” good (Nelson
1970): employers do not know about a contractor’s per-
formance on a task before the contractor completes the
task. When hiring contractors, employers must con-
sider observable (e.g., listed skills, certifications, price)
and latent (actual abilities) characteristics to estimate
contractor performance. The existence of latent charac-
teristics and the heterogeneity in the observable ones
(Kokkodis and Ipeirotis 2014) increases the uncertainty
in hiring choices: employers must use imperfect infor-
mation to make noisy estimates about contractors’
abilities.

But processing signals from such imperfect sources
is subjective and correlates with an individual’s ability
to acquire and process information (Grinold and Kahn
2000). Individuals can potentially learn from observing
the outcomes of their decisions and adjust how they
process market signals accordingly. And although
prior research explains how employers choose contrac-
tors in online labor markets (Moreno and Terwiesch
2014, Chan and Wang 2017, Kokkodis 2018), it does
not yet explain how (and what) employers learn to
make successful hiring choices.

Specifically, prior relevant works are limited in two
important ways. First, studies of hiring choices alone
do not provide information about the result of these
choices—we know a considerable amount about what
contractors employers choose, but we know less about
how well these choices work out. Second, static analy-
sis of hiring choices does not reflect how (or whether)

employers adjust their hiring behaviors over time.
Although it is helpful to understand employer hiring
characteristics at a given time, task outcomes (success-
ful or unsuccessful completion of a task) provide con-
siderable valuable information to employers about the
relevance of various market signals, hence helping
them to reassess and learn from their prior behaviors.
As a result, a study that investigates how employer
learning occurs—and if it occurs—from prior out-
comes helps us better understand how online labor
markets work.

Figure 2 compares this work with the most relevant
papers: no prior work investigates how employer hir-
ing preferences evolve and whether they learn to
make better hiring choices over time.

2.2. Employer Learning Through Exploration and
Exploitation

As employers use an online labor market, their diverse
hiring choices result in different observed outcomes.
Following a learning curve (Yelle 1979, Schilling et al.
2003), employers can learn from exploration to estimate
better the fit between a task’s requirements and an
applicant’s abilities. Exploratory learning can happen
in twoways: when employers observe a successful out-
come, they can reinforce (i.e., use applicant information
similarly in subsequent hirings), exploiting those suc-
cessful hiring behaviors (Mom et al. 2007, Lee 2019)
that maximized their expected return (Erev and Roth
2014). But when they observe an unsuccessful outcome,
they can explore by changing how they use information
in subsequent hirings in hopes of achieving better
outcomes.

In particular, exploitation allows employers to refine
existing certainties (Mom et al. 2007) and increase deci-
sion reliability (Levinthal and March 1993, Good and

Figure 2. (Color online) Learning fromHiring Decisions in Labor Markets

Notes. This research extends prior research by incorporating two important aspects: (1) Employers and platforms care about outcomes, not just
hiring choices. (2) Employers evolve and potentially learn tomake better hiring choices.
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Michel 2013) by refining what they already know
(Holmqvist 2004, Good and Michel 2013), for example,
in a new context. On the other hand, unsuccessful hir-
ing choices will lead employers to keep exploring and
augment what they already know (Skinner 1990, Gib-
son and Birkinshaw 2004, Mom et al. 2009, Rogan and
Mors 2014, Lee and Meyer-Doyle 2017, Rosing and
Zacher 2017, Lee 2019) through a trial-and-error proc-
ess (Hull 1930, Jueptner et al. 1997, Evans et al. 2000).
Because exploration yields uncertain and often nega-
tive returns (March 1991, p. 85), and because exploita-
tion usually has “positive, proximate, and predictable”
outcomes, we observe that

Proposition 1. Employers will initially explore the new
market environment; over time, they will learn from obs-
erved outcomes by adjusting hiring behaviors that lead to
unsuccessful outcomes and by reinforcing (exploiting) hir-
ing behaviors that lead to successful outcomes. As a result,
the initial exploration choices will be, on average, less suc-
cessful than the later exploitation ones.

2.3. Learning to Use Market Information
What attributes do employers use when making hir-
ing choices in online labor markets?

Like new users of other online platforms, new em-
ployers in online labor markets confront an assortment
of more familiar and less familiar information when
making hiring decisions. We focus on two important
attributes in hiring choices (Yoganarasimhan 2013,
Moreno and Terwiesch 2014, Kokkodis and Ipeirotis
2016)—price and reputation.

As in any market, expense for the employer and
revenue for the contractor is crucial. Research in con-
sumer psychology (Shiv et al. 2005) and the neural
representations of the brain (Plassmann et al. 2008)
shows that consumers associate quality with higher
prices. Higher prices signal higher quality in multiple
product categories, including frequently purchased
convenience goods (Caves and Greene 1996) and rela-
tively cheap products (Rao and Monroe 1989).

In online labor markets, price is a fundamental
attribute of a contractor’s bid and is clearly observable
(Grewal et al. 1994). Expensive contractors are likely
of higher quality and perform better than cheap con-
tractors (Svveeney 1999). As such, pricing has attracted
considerable research attention. For example, tasks of
higher value (Snir and Hitt 2003) and longer duration
(Gefen et al. 2016) attract higher bids but of lower
average quality. Sealed bid auctions attract more con-
tractors, but open bid auctions create higher surpluses
for the employers (Hong et al. 2015). As bid price dis-
persion increases, so do employer indecision and
contractor regret, hence hurting matching (Zheng et al.
2016). Even further, employers tend to be more price

sensitive in fixed-price contracts than in hourly con-
tracts (Lin et al. 2016).

New online labor market employers can bring
considerable experience using price information for
transactions in general and perhaps even for hiring in
offline settings. Price, however, is noisy and imperfectly
correlates with product (or service) quality (Gerstner
1985, Erdem et al. 2008), especially when individuals
experience a new context. As a result, some might ini-
tially try to explore lower-cost options (Mom et al. 2007).
(Section 6 discusses why some employers might be
more prone to exploring such lower-cost options.) For
instance, some new employers may select lower-than-
average price contractors to avoid overpaying or to try
to beat the market (Grinold and Kahn 2000). Sometimes
these lower-price options do result in a good deal for
the employer; but, more often, they result in poorer per-
formance (Kokkodis and Ipeirotis 2016). Hence, com-
pared with more experienced employers who have
developed increased familiarity with the value of price
in this new context and are reinforcing prior successful
behavior (Proposition 1), relatively newer employers
who are still exploring the value of price in this new
context might often make decisions that result in less
successful outcomes:

Hypothesis 1. Employers who explore cheaper contractors
will likely have less successful than average outcomes.

Besides price, online labor markets recognize em-
ployers’ need for information about a contractor’s past
performance and include some measure of contractor
reputation. Current reputation systems allow contractors
to receive feedback for the tasks they complete (Filippas
et al. 2018). As contractors complete tasks, feedback
scores typically accumulate to generate a contractor’s
reputation on the platform (Rahman 2018). These con-
tractor reputation scores usually predict future perform-
ance (Liu et al. 2008, Danescu-Niculescu-Mizil et al. 2009,
Lu et al. 2010, Kokkodis and Ipeirotis 2016, Kokkodis
2021), even in markets with inflated scores (such us on-
line labor markets; Filippas et al. 2018, Rahman 2018).
Hence, it is not a surprise that reputation drives the
choice of contractors in online labor markets (Yoganara-
simhan 2013, Kokkodis 2021). In fact, even having a
reputation (compared with being new in the market)
significantly improves a contractor’s current (Lin et al.
2016) and subsequent hiring chances (Pallais 2014).

Unlike price, reputation is a platform-specific signal
that new employers might initially be less familiar
with as these reputation scores do not have exact
equivalents outside online labor markets. In fact,
although practically all online labor markets include
some reputation scores, the details underlying how
they work differ idiosyncratically by platform. Hence,
some employers might initially explore by discount-
ing the value of reputation and, as mentioned above,

Kokkodis and Ransbotham: Learning to Successfully Hire in Online Labor Markets
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try to hire cheaper contractors who usually have
lower (or no) reputation (Moreno and Terwiesch 2014,
Pallais 2014). But because contractors with lower
reputation scores on average underperform those
with higher scores (Kokkodis and Ipeirotis 2016), such
lower-reputation exploratory hires will, on average,
result in less successful outcomes:

Hypothesis 2. Employers who explore hiring lower-
reputation contractors will likely have less successful than
average outcomes.

Thus, price and reputation signals contain informa-
tion and the two signals correlate as contractors with
higher reputation charge higher premiums (Yoganara-
simhan 2013, Moreno and Terwiesch 2014, Pallais 2014).
But how exactly do employers trade off price and reputation
over time?

Consider a group of employers who choose to
ignore poor reputation and focus only on lower prices.
Stochastically, Hypotheses 1 and 2 suggest that such
contractors are more likely to perform poorly. Follow-
ing Proposition 1, some of those employers whose
hired choices underperformed will learn from their
bad experience and readjust how they assess market
information (e.g., price and reputation). A different
group of employers might choose to incorporate repu-
tation even at the cost of slightly higher prices. Such
reputable workers are more likely to performwell (Liu
et al. 2008, Danescu-Niculescu-Mizil et al. 2009, Lu et al.
2010, Kokkodis and Ipeirotis 2016, Kokkodis 2021). As
a result, these employers will be satisfied with their
hired choices and, as per Proposition 1, reinforce their
hiring behavior. Combined, these dynamics suggest
that the first group of employers will move from lower
to higher reputation and from cheaper to more expen-
sive contractors, whereas the second group will con-
tinue hiring highly reputable contractors who might
not be as cheap. Hence, we argue the following:

Hypothesis 3. Over time, employers learn to increase
(or reinforce) their reliance on contractor reputation and
decrease (or reinforce) their price sensitivity. This behav-
ior results in more successful than average outcomes.

3. Modeling Evolving Employer Hiring
Choices and Outcomes

Testing these hypotheses requires a framework that
models employer evolution and, at the same time,
tracks hiring outcomes.

3.1. The Challenges of Simultaneously Modeling
Hiring Choices and Outcomes

While important, incorporating both employer evolu-
tion and hiring outcomes is difficult—no prior research
study includes both (Figure 2). One possible reason for
this is that hiring choices and task outcomes occur at

different times and in different populations (i.e., task
applicants vs. hired contractors). Employers first choose
a contractor to hire, and then they observe the outcome
of their collaboration with the chosen contractor. As a
result, a model needs to capture first whether a given
contractor gets hired (i.e., a binary outcome “hired” ver-
sus “no-hired” across task applicants), and second, the
performance score of the hired contractor (continuous
outcome, across hired contractors).

We propose a two-component framework that
directly models these steps (Figure 3). In the Compo-
nent A, a Hidden Markov Model captures employer
evolution across various hiring-behavior states. As a
result, this component provides up-to-date estimates
of employers’ propensities to hire contractors success-
fully. Component B uses state-specific conditional
logit models to explain how successful and unsuccess-
ful employers choose contractors. With these two
components, the framework compares employers’ hiring
behaviors as they evolve.1

3.2. Component A: Modeling an Employer’s
Evolving Hiring Behavior

An online labor market transaction starts with an em-
ployer creating a new opening. The opening describes
task requirements and contractor characteristics (such
as skills and experience) that the employer seeks. Con-
tractors who are searching for opportunities and see
a fit between their interests and the task opening can
submit an application. For each contractor j that applies
for a task o the employer i makes a hiring decision.
Once the contractor completes the task, the employer
rates the performance of the hired contractor (yio).

Each employer who joins the platform has an unob-
served process of evaluating available market informa-
tion to hire contractors. By hiring contractors and
observing task outcomes, some employers might learn
and adjust their hiring behaviors (Section 2.3). This
evolution suggests that employers transition across a ser-
ies of states, such as “less-successful,” “more-successful,”
“most-successful.” Even though we do not observe these
states, we observe the outcome of each completed task
(i.e., the performance rating yio), which correlates with the
underlying employer’s hiring behavior.

An HMM naturally models such an employer evolu-
tion across a set of states S � {s1, : : : , sK}. At any given
point in time t, each employer i operates from a state St ∈
S that represents i’s propensity to hire successfully.
Upon completion of a new task, the employer emits an
observation yit (i.e., the performance rating of the hired
contractor at time t—we consider that the completion of
a new task defines a unit of time; as a result, we omit the
task subscript o because the time subscript t subsumes it).
Each statemodels these observations through continuous
probability distributions, Yit˜ f (Sit),Yit ∈ [0, 1], Sit ∈ S.
(Yit is a randomvariable that describes observations yit.)
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3.2.1. Model Structure. A complete definition of an
HMM requires (1) a matrix T of the transition probabil-
ities between states, (2) a matrix E of the state-specific
emission probability distributions of the observed out-
comes, and (3) a vector of initial state probabilities p.

We assume an employer- and state-specific transi-
tion matrix T. We allow the history of each employer i
up to time t – 1 (captured by a vector of covariates
Zit−1 discussed in Online Appendix B.2) to affect the
employer’s propensity to transition to a new state.
These employer-history effects are also state specific:
given Zit−1, the transition probability for employer i to
move from a state Sit−1 to a state Sit at time t is

λsk,sv
gk ,a,Zit−1 � Pr(Sit � sv |Sit−1 � sk;gk,a,Zit−1), (1)

where

λsk ,sv
gk ,a,Zit−1 �
Pr(gkZit−1 + εi ≤ α1) �Λ(α1 −gkZit−1), if v� 1

Pr(αv−1 < gkZit−1 + εi ≤ αv)
�Λ(αv −gkZit−1) −Λ(αv−1 −gkZit−1), if 1< v<K

Pr(gkZit−1 + εi > αK−1) � 1−Λ(αK−1 −gkZit−1) if v�K:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

In Equation (1), gk is the vector of coefficients of state sk
that define the weights of Zit−1 in estimating the transi-
tion probability to state sv. We estimate this probability
through an ordered logit formulation, where εi is the
unobserved error term that we assume to follow a
logistic distribution (i.e., εi |Zit−1 ~ Logistic(0, 1)), Λ is
the logit function, and a � [α1,α2, : : : ,αK−1]′ are state-
specific thresholds (Wooldridge 2010). As a result, the
transitionmatrix at time t for employer i is

T(g,a,Zit−1) �
λs1,s1
g1,a,Zit−1 λs1,s2

g1,a,Zit−1 : : : λs1,sK
g1,a,Zit−1

⋮ ⋮ ⋱ ⋮

λsK ,s1
gK ,a,Zit−1 λsK ,s2

gK ,a,Zit−1 : : : λsK ,sK
gK ,a,Zit−1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
,

(2)

where g � [g1,: : : ,gK]′.
The emission matrix E describes the conditional

probabilities of observed outcomes given the current
state of a user i:

Pr(Yit |St � sk; uk) � f (uk), (3)

where f (:) is a truncated continuous probability distri-
bution (e.g., truncated Gaussian) and uk is the parame-
ter vector of this distribution. (Online Appendix B.3

Figure 3. (Color online) A Two-Component Framework of Employer Learning

Notes. Component A models the evolution of employers across various hiring-behavior states that represent different propensities of observing
successful outcomes. Component B captures the hiring behavior of each employer within each state. The result allows for a comparison of hiring
behaviors as employers transition from a less successful to a more successful state.
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discusses alternative distribution choices for f.) The
emission matrix E is then as follows:

E(u) � [ f (u1), f (u2), : : : , f (uK) ], (4)

where u � [u1,u2, : : : ,uK]′.
Finally, the framework estimates the probability vec-

tor p � [π1,: : : ,πK]′ and the parameter vectors g,a,u
through maximum likelihood estimation. Online Ap-
pendix B presents the derivation of the global likeli-
hood and the parameter estimation details.

3.3. Component B: Within-State Employer
Hiring Behavior

The utility that an employer i in state sk ∈ S derives by
hiring a contractor j for a task o is

ujio(sk) � bskXjo + κo + ε
jsk
io , (5)

where Xjo is the vector of characteristics of the contrac-
tor j for task o, κo captures static task-specific effects,
and ε

jsk
io is the unobserved error term. Similar to prior

literature on hiring decisions (Moreno and Terwiesch
2014, Chan and Wang 2017), we describe this utility
through a conditional logit model (McFadden 1973).
The conditional logit model assumes that consumers
make choices among a set of products in a way that
maximizes their utility functions (Guadagni and Little
1983). In the context of this work, employers choose
the candidate that maximizes their state-specific utility
function (Equation (5)).

The conditional logit model assumes that the error
term ε

jsk
io follows a type I extreme value distribution;

hence, the probability of choosing contractor j for task o is

Pr(Hj
io � 1 |X1o,X2o, : : : ,XJo, sk) � exp(∑sk∈S 1skbskXjo)∑J

d�1exp(bskXdo)
,

(6)

where Hj
io is an indicator function that is one when

contractor j is considered to get hired for task o and
1sk is an indicator function that is one when the cur-
rent state of the employer is sk. The vector of utility
weights bsk identifies the importance of each charac-
teristic in Xjo when employer i is at state sk ∈ S.

4. Empirical Setup and Results
To empirically test our theoretical framework, we ana-
lyze a data set of hiring decisions from a major online
labor market. The focal data set includes 238,364 hir-
ing decisions made by 2,932 employers on 10,385
tasks. For all employers, we observe their complete
history (i.e., from the time they joined the platform)
and how they evolve over consecutive hiring deci-
sions and completed tasks. The data covers diverse
tasks from various categories, including administra-
tive, sales, marketing, writing, data science, and web
development (Table 15 in Online Appendix E).

In this market, employers and contractors partici-
pate globally. Employers begin a new transaction by
posting task openings with specific skill requirements
and a respective task description. Available contrac-
tors then can apply without cost. On average, each
task opening in our data set receives 52 applications
(median 35, Table 14 in Online Appendix E). Employ-
ers then hire from the available applicants. Once the
hired contractor completes the task, the employer
evaluates the contractor’s performance.

The two-component framework (Figure 3) trains on
two different data sets. The HMM component trains
only on hired contractors, as it requires task-outcome
information. We measure task outcomes through pri-
vately assigned feedback from employers. (Employer
ratings are only visible to the platform.) Online
Appendix B describes the details and the results of
this process. On the other hand, the conditional logit
model trains on all applications. Hence, it allows us to
study how employers choose contractors as they
evolve across different ability states. The remainder of
this section focuses on the results of the conditional
logit model.

4.1. Focal and Control Variables
Several measures (vector Xjo) may affect employer hir-
ing choices.

4.1.1. Focal Variables. The contractor’s profile lists
the feedback score at the time of application. This
score reflects the accumulated public feedback that
prior employers have given the contractor for all pre-
viously completed tasks on the platform ( feedback
score). Similarly, contractors reveal their premiums at
the time of application. Because online labor markets
are highly heterogeneous in terms of tasks and task
requirements, bid prices are only comparable within
tasks (Kokkodis et al. 2015). Hence, to study how
employers respond to price, we create a relative, task-
specific measure of the available bids: we consider
whether each bid price is above the median task-spe-
cific bid price (bid price).

4.1.2. Task-Varying Variables. To better isolate the eff-
ect of the focal variables, we control for the observed
history of each contractor on the platform through the
number of completed tasks (contractor completed tasks)
and the number of completed hours of work (hours of
work; Chan and Wang 2017). Furthermore, we control
for the number of tasks that a contractor is concur-
rently working on at the time of application (assigned
tasks) and the self-reported years of contractor experi-
ence (contractor experience).

Besides platform history, we need to control for
other contractor characteristics that often affect em-
ployer decisions. Specifically, the models control for a
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contractor’s gender (gender; Chan andWang 2017) and
location, skills, and qualifications (countries point-wise
mutual information (PMI), skills inner product (IP), certifi-
cations PMI; see Online Appendix E.1). Finally, we also
control for timing effects by including the order in
which a contractor’s application arrives (time of applica-
tion) and for employer preference effects by annotating
contractors that the employer invited to apply (invited;
Chan andWang 2017).

Table 1 summarizes the dependent, focal, and con-
trol variables. Online Appendix E presents additional
data statistics, including a short discussion on feature
engineering (Section E.1 in Online Appendix E) and
correlations between these variables (Figure 11 in the
online appendix). We log-transform variables with
long tails. We standardize all nonbinary variables for
faster convergence and easier interpretability. All con-
trol variables vary across applicants within each task;
otherwise, task fixed effects would absorb these.

4.2. Results
Which hiring choices are more likely to yield success-
ful outcomes, and how do employers adjust their hir-
ing behaviors to make such choices?

Component B’s (Figure 3) conditional logit model esti-
mates each employer’s behavior within each state. The
main specification (Equation (6)) controls for observed
and unobserved confounding factors that could endogen-
ize the estimates of the focal variables. Specifically, task-
varying variables control for the observed heterogeneity
across the set of available candidates for each task (Table 1).
Opening fixed effects accounts for private information
that employers have when making hiring decisions;
hence, they eliminate the time-invariant portion of
the unobserved error. Opening fixed effects further
eliminates any employer-specific, category-specific, and

time-specific static unobserved effects as these quantities
donot varywithin tasks.

To identify the parameters of Equation (6), we first
need to estimate each employer’s most likely state at
the time of the hiring decision (i.e., sk ∈ S). Online
Appendix B details the HMM implementation and
estimation process. Through this analysis, the three
latent states that best describe the employers’ hiring
behavior in our data (Figure 7 in Online Appendix B)
are as follows:

• Less-successful state: employers’ decisions result in
unsuccessful task outcomes. (Employers hire contrac-
tors that, on average, perform 0.53 out of 1.)

• More-successful state: employers’ decisions result
in more successful task outcomes. (Employers hire con-
tractors that, on average, perform 0.82 out of 1.)

• Most-successful state: employers’ decisions result
in successful task outcomes. (Employers hire contrac-
tors that, on average, perform 0.99 out of 1.)

For these estimated latent states S � { Less-success-
ful, More-successful, Most-successful}, we identify the
coefficients of Equation (6). Table 2 shows the results
for each of the state-specific focal variables. (Table 16
in Online Appendix F shows the coefficients of the
complete vector bsk ∀sk ∈ S.) Column (A1) in Table 2
shows the average effect of the two focal variables
across states. Column (A2) splits this effect into state-
specific effects. First, the decrease in Akaike informa-
tion criterion score from column (A1) to column (A2)
suggests that the state-specific estimates better explain
the observed variance in hiring choices—a log-
likelihood ratio test (Wooldridge 2010) rejects the null
hypothesis that the static model (column (A1)) fits the
data better (p < 0.001), providing further statistical
evidence that modeling employer evolution through
an HMM better explains the observed variance in hir-
ing choices.

Table 1. Descriptive Statistics of the Dependent, Focal, and Control Variables

Variable Units Mean Median StD Min Max

Dependent variable
Hired (Hj

io) Hired � 1 0.04 0 0.2 0 1
Focal variables

Feedback score Index 0.94 0.98 0.1 0 1
Bid price Above median � 1 0.37 0 0.48 0 1

Task-varying variables
Assigned tasks Count 3.4 2 5 0 90
Skills IP Count 1 1 1.2 0 16
Certifications PMI Index 2.4 2.3 1.7 −0.71 7
Hours of work Hours 551 44 1,401 0 27,662
Time of application Ordinal 25 15 31 0 263
Gender Male � 1 0.81 1 0.39 0 1
Contractor completed tasks Count 5 0 14 0 356
Contractor experience Years 4.5 4 4.1 0 30
Invited Invited � 1 0.12 0 0.33 0 1
Countries PMI Index −0.5 −0.46 0.43 −4.9 5

Note. StD, standard deviation (see Online Appendix E.1 for additional details).
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Second, as employers move from less-successful to
more-successful states, they increase their reliance on
the observed feedback score and tend to hire rela-
tively more expensive contractors (Hypothesis 3). The
focal coefficients differ both practically and statisti-
cally (p < 0.001) across states. Specifically, in line with
Hypothesis 1, the coefficient of bid price is signifi-
cantly smaller for employers in more successful states:
an employer in the most-successful state is 85% less
price sensitive than an employer in the less-successful
state. In addition, in line with Hypothesis 2, the coeffi-
cient of feedback score is significantly larger for em-
ployers in more-successful states: an employer in the
most-successful state values reputation 267% more
than an employer in the less-successful one.

The results in column (A2) include all employers,
even those who never transition to different states. As a
result, they might represent disjoint sets of employers
with different hiring preferences and not employers
who evolve across states. To investigate, we consider
only evolving employers who transition across two or
more states. This subsample compares how the same
employers hire in less-successful versus more-successful
versus most-successful states. Hence, it identifies whether
the changes in employers’ hiring behaviors drive the
observed results. The results (column (A3) of Table 2) are

consistent with the entire sample results; because they
focus on evolving employers, they provide stronger sup-
port for Hypothesis 3: as employers move from less suc-
cessful to more successful hiring choices, they learn to
adjust their hiring behaviors by relying more on feed-
back score and becoming less price sensitive.

4.3. Additional Evidence in Support of the
Theoretical Framework

The previous analysis supports Hypotheses 1, 2, and 3.
To strengthen this empirical support, we investigate
whether data evidence also aligns with the theoretical
arguments that derived these hypotheses (Section 2.3).
Specifically, our conceptualization argues that (1) lower
prices and lower reputation scores yield, on average,
less successful results and (2) employers learn and
adjust their hiring behavior (by exploring) after unsuc-
cessful outcomes, whereas they reinforce their hiring
behaviors (by exploiting) after successful ones. Next,
we provide empirical evidence in support of these
arguments.

4.3.1. Further Support for Hypotheses 1 and 2. Are em-
ployers who choose cheaper contractors with a lower
reputation more likely to yield unsuccessful outcomes?

Table 2. State-Specific Effects of Feedback Score and Bid Price on Hiring Choices

DV: Hire

All employers
Evolving employers

(without HMM) (with HMM) (with HMM)
(A1) (A2) (A3)

Bid price −0.131***
(0.023)

Feedback score 0.288***
(0.018)

Bid price × less-successful −0.350*** −0.374***
(0.053) (0.058)

Bid price × more-successful −0.146** −0.173***
(0.048) (0.051)

Bid price × most-successful −0.053. −0.038
(0.030) (0.036)

Feedback score × less-successful 0.142*** 0.142***
(0.033) (0.037)

Feedback score × more-successful 0.248*** 0.266***
(0.037) (0.040)

Feedback score × most-successful 0.379*** 0.391***
(0.027) (0.033)

Task-varying variables Yes
Task-varying variables × less-successful Yes Yes
Task-varying variables × more-successful Yes Yes
Task-varying variables × most-successful Yes Yes
Opening FE Yes Yes Yes
Observations 238,364 238,364 174,873
AIC 52,833 52,763 39,113

Notes. Results of conditional logit models. The first two columns show results of the complete data set (all employers). The last column focuses
only on employers who transition across two or more states. Clustered standard errors in parentheses. Constant term is estimated but omitted
from the table. Tables 16 and 17 in the online appendix show the state-specific coefficients for all task-varying variables. AIC, Akaike information
criterion; DV, Dependent Variable.

***p < 0.001; **p < 0.01; *p < 0.05; . p < 0.1.
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The main analysis in Table 2 shows that employers
who are more likely to make successful hiring choices
choose, on overage, more expensive contractors with a
higher reputation (supporting Hypotheses 1 and 2). An
alternative way to show that indeed such choices corre-
late with more successful outcomes is to estimate the
average bid price and feedback score for various out-
comes. First, we separate successful and unsuccessful
outcomes by adapting the internal annotation of the
focal platform: if the employer privately rates the per-
formance of the contractor with a score greater or equal
to 80%, the platform labels that outcome as successful;
otherwise, the platform labels the outcome as unsuc-
cessful. For simplicity, we call successful outcomes
“hire-positive” and unsuccessful ones “hire-negative.”
(Figure 1(a) shows how this threshold separates hire-
positive from hire-negative outcomes.) Figure 4, (a1)
and (a2) show that successful outcomes correlate with a
significantly higher feedback score (p < 0.01) and bid
price choices (p< 0.05), hence providing additional sup-
port for Hypotheses 1 and 2.

4.3.2. Further Support for Hypothesis 3. Do employ-
ers learn to adjust their hiring preferences?

Column (A3) in Table 2 shows that, indeed, many
employers transition across states; when they move
from less- to more-successful states, they adjust their
hiring criteria in accordance with Hypothesis 3. An
alternative way to test our arguments is to track how

employers react after successful and unsuccessful
hiring decisions. Given an employer i and a hiring
outcome at time t, we define employer i's hiring
adjustment of feature X as follows:

Adjustment(XOutcome
it ) � Xit − XOutcome

it−1 : (7)

We estimate the average adjustment for X ∈ {bid price,
feedback score} and Outcome ∈ {hire-positive, hire-
negative}. Figure 4, (b1) and (b2) show that, indeed,
after unsuccessful outcomes, employers explore and
hire contractors with significantly (p < 0.05) better
feedback scores who are more expensive. On the other
hand, after successful outcomes, employers exploit
and reinforce their behavior (insignificant adjustment,
p > 0.1). The figures also show that a similar adjust-
ment occurs when employers observe a less successful
(hire-negative) outcome after previously observing a
more successful (hire-positive) one. Combined, this
evidence provides empirical support that, on average,
employers indeed learn and adjust their behaviors in
accordance to Hypothesis 3.

Figure 4, (c1) and (c2) show the linear relationship
between outcome adjustment (Equation (7)) and the
continuous version of each employer’s previous hiring
outcome. The figures show that for both bid price and
feedback score, the slope is negative and significant (at
least p < 0.1), showing that larger adjustments correlate
with a worse performance of the previous hire. As a
result, these results align with those of Figure 4, (b1)

Figure 4. (Color online) Additional Support for Hypotheses 1, 2, and 3

(a1)

(c1) (c2) (d)

(a2) (b1) (b2)

Notes. Higher bid price and feedback score correlate with more successful outcomes (a1), (a2). After unsuccessful outcomes, employers explore
by choosing contractors with higher bid price and feedback score ((b1), (b2); the y−axis shows the adjustment between consecutive hires of the
same employer). The more negative the outcome, the larger is the adjustment (c1), (c2). Overall, the more hiring choices an employer makes, the
higher is the likelihood of a successful outcome (d). Error bars show 95% bootstrapped confidence intervals. CI, confidence interval.
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and (b2); they further support our core arguments
about employer learning.

Finally, Figure 4(d) shows employer learning through
a simpler regression: the probability of a successful
outcome increases (p < 0.05) as employers make more
hiring choices. This increase suggests that over time
employers move from less to more successful hiring
choices, further corroborating our findings in support
of Hypothesis 3.

In summary, our analyses in this section support
our conceptualization and show that many employers
do indeed learn to adjust their preferences and hire
more successfully over time. On the other hand, sup-
port for the proposed mechanisms does not necessa-
rily exclude alternative mechanisms that could also be
driving the results. Section 5 and Online Appendix A
test 10 potential alternative mechanisms.

5. Alternative Explanations
To increase confidence in the hypothesized conceptu-
alization, we

• Incorporate the choice of an employer to partici-
pate or exit the market (using a customized exit-state
HMMandHeckman two-stage selectionmodels, Online
Appendix A.1);

• Focus only on repeat employers (using subsample
analyses, Online Appendix A.2);

• Control for employer hiring ability (using instru-
mental variables, Online Appendix A.3);

• Examine whether more experienced or better em-
ployers attract better contractors and as a result learn-
ing does not actually occur (normalization of reputa-
tion within each opening, distribution of applicants,
Online Appendix A.4);

• Consider alternative measures of outcome success
(such as rehires, Online Appendix A.5);

• Control for task characteristics (using matched sa-
mples in conditional logit models, Online Appendix
A.6);

• Explore how hiring abilities differ between techni-
cal and nontechnical tasks (using subsample analyses,
Online Appendix A.7);

• Investigate how focused or diverse employers
drive the results (using subsample analyses, Online
Appendix A.8);

• Model employer evolution and hiring choices with
alternative approaches (using clustering algorithms and
various fixed effects specifications, Online Appendix
A.9); and

• Consider different specifications that use employer
fixed effects and control for time-varying employer attrib-
utes (e.g., experience) that opening fixed effects absorb
in ourmain specification (OnlineAppendixA.10).

Table 3 summarizes these tests, which corroborate
our main findings and provide additional evidence

that employer learning occurs as, on average, employ-
ers transition from choosing cheaper contractors with
a lower reputation to choosing more expensive con-
tractors with a higher reputation.

6. Potential Mechanism:
Employer Confidence

The empirical analysis clarifies the dynamics of
learning in online labor markets. However, our con-
ceptualization in Section 2 does not explain why some
platform participants might be more likely to explore
lower-cost options.

One possible explanation is confidence (i.e., belief in
success; Snyder and Lopez 2009). An individual’s confi-
dence structures their attitude toward information
(Kreye et al. 2012) as it governs the perception of loss
associated with specific actions (Forlani and Mullins
2000). Higher confidence lowers perceptions of risk
(Busenitz and Barney 1994, Palich and Bagby 1995,
Robinson and Marino 2015) and results in “optimistic
judgments of risk” (Kahneman and Lovallo 1993, p. 29).

6.1. Confidence in Online Labor Markets
In an online labor market, an employer’s confidence
and the resulting risk assessment may influence how
an employer assesses available market information.
Employers with higher confidence will be more likely
than employers with lower confidence to risk and try
to beat the market (Grinold and Kahn 2000) by looking
for cheap contractors (with likely lower reputation
scores—Section 2.3). But our theory and empirical an-
alysis finds that cheaper contractors on average yield
worse outcomes (Section 2.3; Hypotheses 1 and 2; and
Figure 4, (a1) and (a2)). As a result, some of these
higher-confidence employers who hire unsuccessfully
will readjust their confidence and risk attitudes and,
hence, learn to better assess the available information
sources (Proposition 1, Hypothesis 3).

Conversely, employers with lower confidence may
minimize risk by hiring contractors with a higher rep-
utation albeit at a higher price. Their choices will
likely yield, on average, more successful outcomes
(Section 2.3; Hypotheses 1 and 2; and Figure 4, (a1)
and (a2)), which in turn might reinforce their confi-
dence and risk attitudes (exploitation strategies; March
1991, Denrell and March 2001, Menkhoff et al. 2006,
Goodman-Delahunty et al. 2010, Lee and Meyer-Doyle
2017). Some of these contractors might then explore
more risky choices until they learn to appropriately
assess available information (Hypothesis 3; Figure 4,
(b1) and (b2)).

These dynamics suggest that over a period of time,
the market will observe employers with higher confi-
dence to move from higher-risk (i.e., cheaper contrac-
tors with a lower reputation) to lower-risk (i.e., more
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expensive contractorswith a higher reputation) choices,
whereas employers with lower confidence to reinforce
their behavior or explore higher-risk choices that, when

unsuccessful, will push them back to lower-risk choices.
As a result, the net effect of these dynamics will be a
transition from lower to higher contractor reputation

Table 3. Investigation of Alternative Explanations

Analysis Bid price (support for H1) Feedback score (support for H2) Discussion

Alternative explanation: self-selection of employers to keep participating drives the results
Solution: modeling the choice to participate:
Exit state HMM � (p < 0.001) � (p < 0.001) Online Appendix A.1, Table 4
Heckman two-stage selection
model

� (p < 0.001) � (p < 0.001)

Alternative explanation: repeat employers always had the observed behavior (i.e., no learning over time)
Solution: focus only on repeat
employers who hire:
Two or more times � (p < 0.001) � (p < 0.001) Online Appendix A.2, Table 5
Three or more times � (p < 0.001) � (p < 0.001)
Four or more times � (p < 0.001) � (p < 0.001)
Five or more times � (p < 0.001) � (p < 0.001)

Alternative explanation: the ability of employers who end up staying on the platform drives the observed results
Solution: instrumental
variables capture employer
state:
State of every other employer
at hire o

� (p < 0.001) � (p < 0.001) Online Appendix A.3, Table 6

% of employers who survive
at hire o

� (p < 0.001) � (p < 0.001)

% of employers who survive
at hire o after outcome

� (p < 0.001) � (p < 0.001)

Alternative explanation: more experienced employers attract better contractors
Solution: normalize reputation
within openings

� (p < 0.001) � (p < 0.001) Online Appendix A.4, Table 8,
Figure 6

Distributions of applicants
across employers

L L

Alternative explanation: the results are an artifact of our measurement of success
Solution: rehires as measure of
success

� (p < 0.001) � (p < 0.001) Online AppendixA.5, Table 7

Alternative explanation: systematically different types of tasks end up being in different states
Solution: propensity score
matching on task
characteristics

� (p < 0.001) � (p < 0.001) Online Appendix A.6, Table 9

Alternative explanation: employers might have different abilities across different types of tasks
Solution: separate analysis of
technical and nontechnical
tasks

� (p < 0.001) � (p < 0.001) Online Appendix A.7, Table 10

Alternative explanation: focused or diverse employers drive the results
Solution: separate analysis of
focused and diverse
employers

� (p < 0.001) � (p < 0.001) Online Appendix A.8, Table 10

Alternative explanation: results are an artifact of the HMM modeling
Solution: alternative modeling
of Component A (K-means)

� (p < 0.001) � (p < 0.001) Online Appendix A.9, Table 11

Alternative explanation: results are an artifact of the conditional logit model approach
Solution: more experienced
employers attract better
contractors / alternative
modeling of Component B:
Linear models with employer
FE

� (p < 0.001) � (p < 0.001) Section A.10, Table 12 in the
online appendix

Logit models with employer
FE

� (p < 0.001) � (p < 0.001)

Note. �, Hypothesis supported; (p), the level of significance that the respective coefficient of the most-successful state is different than the
respective coefficient of the less-successful state; FE, Fixed Effects; L, suggests support of our core employer learning argument; H1, Hypothesis 1;
H2, Hypothesis 2.
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and premium and, on average, from less to more suc-
cessful hiring outcomes—the invisible hand atwork.

6.2. Empirical Evidence of the Confidence
Mechanism

Themarket does not directly observe employers’ confi-
dence levels. However, text analysis can detect con-
cepts related to confidence. Specifically, we use the
Linguistic Inquiry and Word Count (LIWC) package
to analyze the unstructured text of employers’ task
descriptions (LIWC 2018). LIWCmeasures dimensions
such as social processes (Sridhar and Srinivasan 2012),
emotion (Hong et al. 2016), popularity (Goes et al.
2014), or anxiousness (Yin et al. 2014) using validated
dictionaries. Like other research (Smith-Keiling and
Hyun 2019), we measure confidence using the LIWC
clout metric, defined as the relative social status, confi-
dence, or leadership that people display through their
writing or talking (LIWC 2018).

Alternatively, the task description’s emotional tone
may also correlate with confidence. A higher emo-
tional tone conveys a more positive attitude, whereas a
lower emotional tone reveals greater anxiety (LIWC
2018). Given that higher confidence associates with a
more positive attitude (Snyder and Lopez 2009), emo-
tional tone might serve as an additional signal of
employers’ confidence.

6.2.1. Do Higher-Confidence Hiring Choices Result in
Less Successful Outcomes? Figure 5(a) suggests that
the answer is probably yes: higher clout (p < 0.05) and
emotional tone (p < 0.1) positively correlate with the
likelihood that the hiring outcome will be unsuccessful
(Figure 5(a)). This observation aligns with the argu-
ment that higher-confidence employers make higher-

risk choices of cheaper contractors with lower repu-
tation scores who, on average, result in less success-
ful outcomes (Section 2.3; Hypotheses 1 and 2; and
Figure 4, (a1) and (a2)).

6.2.2. Do Employers Adjust Their Confidence and Risk
Attitudes Over Time? To investigate, we compute the
employer-specific confidence adjustment at time t as
follows:

Normalized Cit � Cit − Ci1, (8)

where i is the focal employer and C ∈ {Clout, Emo-
tional tone}. This normalized score proxies how
employers adjust their confidence level over time
compared with their own initial confidence (compari-
son level).

As employers hire more contractors, they generally
adjust their confidence downward (negative relation-
ship, p < 0.001, in the first two panels in Figure 5(b)).
Because employers mostly adjust their behaviors after
unsuccessful outcomes (Figure 4, (b1), (b2), (c1), and
(c2)), the observed effect likely stems from employers
of higher-confidence and higher-risk attitudes. Fur-
thermore, confidence readjustment suggests that the
transitions from higher- to lower-risk choices should
result (on average) in more successful outcomes. In-
deed, over time, employers hire contractors who per-
form better (p < 0.001, last panel in Figure 5). (Online
Appendix B.4 provides additional empirical evidence
in support of the confidence explanation.)

7. Discussion
How do employers adjust their behaviors as they learn
to make successful hiring decisions in online labor
markets?We theorized that employers initially explore

Figure 5. (Color online) Over Time, Higher-Confidence (Proxied by Clout and Emotional Tone) Employers Adjust Their Hiring
Preferences

(a) (b)

Notes. Higher-confidence employers (as measured by higher clout and emotional tone) have on average less successful outcomes (a). Over con-
secutive hiring choices (x− axis), employers adjust their confidence (as measured by clout and emotional tone), and this adjustment correlates
with more successful hiring choices (b). CI, confidence interval.
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in their assessment of available market information;
some—potentially because of higher confidence—will
try to beat the market and hire contractors who are
cheaper and have a lower reputation. But these con-
tractors are more likely to have poor performance.
Hence, employers who observe such unsuccessful out-
comes will learn and adjust their hiring behavior by
further exploring the value of available market infor-
mation. On the other hand, employers who hire suc-
cessfully will reinforce (exploit) their hiring strategies.
We empirically test these mechanisms by building a
two-component framework (HMM, conditional logit
models) that links hiring behaviors with task out-
comes. Hiring decisions from a large online labor mar-
ket provide empirical evidence in support of this
theory: employers learn and adjust their hiring behav-
iors by transitioning from hiring cheaper contractors
with a lower reputation to hiring more expensive con-
tractors with a higher reputation. The latter yields sig-
nificantlymore successful results.

7.1. Contributions to Research
This research extends current literature in online labor
markets and hiring decisions by investigating a new
question (Figure 2): which hiring choices are more
likely to yield successful outcomes, and how do
employers learn to adjust their hiring behaviors to
achieve better outcomes? Through a new theoretical
framework, our work argues that, over time, many
employers learn to make successful hiring choices.
This theoretical framework deepens our understand-
ing of how employers’ hiring preferences evolve and
guides the empirical identification of the studied
effects. Through a comprehensive empirical analysis,
our study is the first to show that as employers transi-
tion from unsuccessful to successful hiring decisions,
they rely more on contractors’ feedback scores and
become less price sensitive.

This paper is the first to link task outcomes with
employer hiring behaviors and show that successful out-
comes often associate with higher contractor feedback
scores and higher premiums. The two-component frame-
work provides a guideline for both studying hiring deci-
sions in a dynamic context and linking task outcomes
with hiring choices. As a result, future research can
study matching in digital workplaces through evolving
employer and contractor interactions while incorporat-
ing task outcomes.

Additionally, this methodological contribution (i.e.,
the two-component framework) spans beyond the
specific context of online labor markets. For instance,
the proposed framework can investigate employer-
evolving behavior in the offline setting (e.g., through
platforms such as LinkedIn or BurningGlass). Task
outcomes, in that case, could be promotions and other
aspects of career trajectories. Overall, organizations

stand to benefit by applying the two-component
framework to study hiring behaviors and outcomes
formally.

7.2. Implications for Platform Managers
Given the high potential for online work growth in
the coming years (Agile-1 2016, Sundararajan 2016),
understanding how employers can improve their like-
lihood of hiring successfully can provide platform
managers with an additional tool to facilitate employer
success. In particular, our work provides platforms
with an explanation of why some hiring choices are
more likely to be unsuccessful. Understanding what
makes a successful hiring decision and how employers
learn to make successful candidate choices is funda-
mentally important for an online labor market—both
(1) employers who hire successfully and (2) contractors
who receive positive feedback are more likely to keep
participating in the platform (Jerath et al. 2011, Tripp
andGrégoire 2011).

Furthermore, our study provides online labor mar-
kets with a data-driven approach (HMM framework)
thatmodels the evolving hiring abilities of themarket’s
clients (employers). Through the proposed framework,
managers can better understand the market’s em-
ployer population: at any point in time, managers can
identify employers who are struggling to make suc-
cessful hiring choices. Managers can then intervene
and provide these employers with information and
guidance on how to minimize uncertainty and hire
candidates that are likely to perform well. Even fur-
ther, and depending on the market’s policies, manag-
ers can experiment with subsidizing such employers
(e.g., by reducing the platform’s commission) to fur-
ther increase their chances of success and subsequent
use of the platform.

7.3. Limitations and Future Research
Hiring decisions in online labor markets depend on
factors other than price and reputation. For example,
employers base hiring decisions on contractor demo-
graphic attributes, as they prefer contractors from their
own country (Gefen and Carmel 2008, Ghani et al.
2014, Lin and Viswanathan 2015) because communica-
tion is easier and trust and familiarity increases when
interacting with local contractors (Arora and Forman
2007, Kossinets andWatts 2009). Furthermore, contrac-
tor gender (Chan and Wang 2017), skills, and certifica-
tions also affect employer choices (Goes and Lin 2013,
Kokkodis et al. 2015). In this work, we focus on price
and reputation because they can sufficiently illustrate
how users learn in online labor markets. Our empirical
analysis, however, uses all these additional character-
istics as control variables (Table 1); in Appendix F and
Table 16 in the online appendix, we briefly mention
how their estimated coefficients fit within the context
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of this framework. Future research can use this frame-
work to further theorize and explore how employers
adjust their hiring behavior across these additional
characteristics.

A limitation of our study is that it relies on observatio-
nal data to investigate how employers learn. The empiri-
cal evidence in Section 4 and Online Appendix A sup-
ports that at least some employers become successful
through the learning path discussed in Section 2.3. Yet,
we cannot claim that learning is the only causal path
that drives these results. Hypothetically, a field experi-
ment could randomly assign contractors (by drawing
from a predetermined pool of contractors with certain
characteristics) of varying reputation and bid prices to
be chosen by employers. This way, the experiment
would enforce choice sets that are almost identical (same
number of applicants with similar characteristics) across
employers and hence eliminate any employer ability to
attract better (or worse) pools of applicants. Next, the
platform would observe how employers react after dif-
ferent types of outcomes and whether they adjust their
behaviors after observing hiring outcomes. By ensuring
that no employer exits the market, the experiment could
show whether employer learning is indeed the sole
causal path that drives these results.

The above hypothetical experiment has practical and
ethical limitations (e.g., random assignment of appli-
cants). Our study, even though observational, takes sig-
nificant steps to investigate whether employers attract
systematically better (or worse) pools of applicants
(Appendices A.3 and A.4 and Figure 6 in the online
appendix), and whether employers who exit the market
affect the results (Online Appendices C, A.1, A.2, and
A.3). However, we acknowledge that our observational
analysis cannot fully eliminate these mechanisms,
which could also explain part of the observed results.

Section 6 suggests that as employers explore market
information and encounter unsuccessful outcomes,
they adjust their behavior by reducing risk and achieve
more successful outcomes. However, some users who
take on additional risk are successful; future research
could help better identify conditions in which seem-
ingly risky selections of lower-reputation contractors,
for example, may be worthwhile.

Additionally, we expect that new users similarly adapt
in other platforms; future research can help better under-
stand how users learn and adjust their decisions in such
different contexts. For example, platformdesigners could
make prior outcomesmore or less salient to users or plat-
form managers could clarify or obscure how user deci-
sions deviate from other users’ decisions. Importantly,
user adaptation likely depends on many context attrib-
utes, such as frequency of use, subjectivity of outcomes,
process steps, composition and adaptation of other users,
and consequence of unsuccessful outcomes. Future re-
search can clarify these issues andmany others.

7.4. Conclusion
Business is increasingly digital with online platforms
underlying an ever-growing portion of modern com-
merce. These digital platforms overcome many mar-
ket inefficiencies by facilitating transactions between
consumers and producers throughout the world. But
as new digital markets and platforms emerge, new
platform users come in with diverse backgrounds that
lead to varied ability to navigate the new markets. As
a result, many online platform users struggle to adapt
their offline experiences to digital platforms. These
struggles are costly for both the user and the platform.

Yet, despite the importance of learning on digital
platforms, we know little about how new users adjust
their behavior based on experiences on the platform.
Our work on employer learning in online labor mar-
kets opens a discussion on how platform users can
learn and adjust their behaviors as they gain experi-
ence. Beyond hiring choices, in digital platforms, such
as ride-matching2 or hotels,3 many users might need
to learn new managerial skills. Our framework pro-
vides a guideline on platform learning that other plat-
forms can customize to understand how their users
adjust their behavior over time in order to succeed.
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Endnotes
1 The two-step process in our context has both similarities and dif-
ferences with traditional two-stage selection models (Heckman
1979). Like these models, our framework models two stochastic
events: the probability of an employer having a given level of hir-
ing ability and the employer’s subsequent probability of choosing
an applicant (conditional logit). Yet, traditional selection models
cannot directly model the first step of our approach because this
step does not rely on an observed outcome (e.g., the choice to par-
ticipate), but instead it estimates unobserved ability states. On the
other hand, two-stage selection models can capture the choice to
participate or exit the market; we implement such models to test
alternative explanations in Section A.1.2 in the online appendix.
2 See https://www.uber.com/newsroom/first-trip-tips-riders/.
3 See https://money.usnews.com/money/blogs/my-money/2015/
06/23/6-things-to-know-when-using-airbnb-for-the-first-time.
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