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ABSTRACT

1

Online labor markets facilitate transactions between employers and
a diverse set of independent contractors around the globe. When
making hiring decisions in these markets, employers have to assess
a large and heterogeneous population of contractors. Because many
of the contractors’ characteristics are latent, employers often make
risky decisions that end up in negative outcomes. In this work, we
address this issue by proposing a framework for recommending
contractors who are likely to get hired and successfully complete
the task at hand. We start our analysis by acknowledging that employers’ hiring behavior dynamically evolves with time; Employers
learn to choose contractors according to the outcomes of their previously completed tasks. To capture this dynamic evolution, we
propose a structured Hidden Markov Model that explicitly models
task outcomes through the employers’ evolution. We build and
evaluate the proposed framework on a dataset of real online hiring
decisions. We then compare our approach with a set of previously
proposed static algorithms and we show that our proposed framework provides up to 24% improved recommendations. We conclude
by discussing the positive impact that such better recommendations
of candidates can have on employers, contractors, and the market
itself.

Online labor markets such as Peopleperhour.com and Freelancer.com
connect employers with contractors around the globe to accomplish
a diverse set tasks. These tasks span multiple categories, including
web development, graphic design, accounting, sales and marketing,
etc. On par with other online platforms (e.g., Amazon.com [22]),
online labor marketplaces have experienced an accelerated growth
in the past decade.1 A typical transaction in these markets starts
with an employer posting a job description. Online contractors who
are looking for opportunities decide whether or not to bid for the
job. From the pool of contractors who �nally bid, the employer
chooses who to hire. Once hired, the contractors complete the task
and receive the pre-arranged payments.
To identify the best candidate for the opening at hand, employers
assess a series of observed and latent characteristics of the available
contractors. The observed characteristics are usually the contractors’ skills, work histories, and certi�cations. The latent characteristics are the contractors’ true knowledge and abilities [13]. The
existence of latent characteristics, the heterogeneity that appears
in the observed ones [23], and the interactions between the two
create an uncertain environment of information asymmetry [3].
To minimize this information asymmetry and help employers
make better hiring decisions, online labor markets have developed
reputation systems. Speci�cally, contractors get rated for the tasks
they complete and these ratings become part of their online resumes. Employers then consider the contractors’ past performance
to make better-informed hiring decisions. In practice however, reputation scores in these markets are in�ated [18, 20]. This in�ation
renders feedback scores uninformative and sometimes even misleading. Because of that, online labor markets have introduced
various recommendation frameworks. These frameworks rank contractors according to their likelihood of getting hired, and as a result
they provide a re�ned, curated list of recommendations from which
employers can make better-informed hiring decisions [27].
Even though these ranking mechanisms are a step in the right
direction, they su�er from two major shortcomings. First, they do
not account for the task outcomes. Speci�cally, online labor markets
implement a bilateral feedback mechanism, where both the contractor and the employer rate the outcome of their interaction upon
the completion of a task. Figure 1 shows that these outcomes are
highly heterogenous. As a result, any recommendation algorithm
that ignores these outcomes (such as those presented by Kokkodis et
al. [27]) will include recommendations that reinforce suboptimal
behaviors.
The second shortcoming of the current recommendation algorithms is that they do not take into consideration the correlations
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INTRODUCTION

1 http://www.statista.com/topics/871/online-shopping

Negative outcome

employers and the contractors will have the incentives to keep participating. Simply put, our proposed framework has the potential
to minimize the employers’ search cost and increase the market’s
transaction volume through the overall increase in satisfaction of
the contractors and the employers.
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Figure 1: The distribution of hiring outcomes. We assume
that outcomes with minimum bilateral feedback scores
greater than 0.8 are positive, while outcomes with scores
lower than 0.8 are negative.
between sequential hiring decisions of the same employers. In every online labor market, a signi�cant portion of the revenue comes
from employers who hire repeatedly multiple contractors for various tasks. Previous algorithms treat hiring decisions of the same
employers as independent [27]. However, it is natural to assume
that employers actually learn through the outcomes of previously
completed tasks, and as a result evolve their hiring behaviors.
In this work, we focus on addressing these two shortcomings.
First, we train models that rank candidates according to their likelihood of getting hired and completing the task successfully Second, we acknowledge that employers’ preferences and hiring processes dynamically evolve through repeated hires. To capture this
evolution, we propose a structured Hidden Markov Model, where
we allow (1) the outcomes of previous transactions to de�ne the
transition probabilities between di�erent states, and (2) the jobopening-contractor characteristics to predict the outcome of a job
application.
We build and evaluate the proposed framework on a set of hiring
decisions from an online labor market. We compare the performance of our approach with the ranking mechanisms described in
Kokkodis et al. [27] and show that the structured HMM performs
signi�cantly better. In addition, we show that the true bene�t of our
framework is in repeated hiring decisions of the same employers,
where it curates recommendations that are up to 24% better than
the resulting recommendations of the static ranking mechanisms.
Our work is the �rst to propose a dynamic framework that explicitly models the evolving and heterogeneous nature of employers’
hiring behaviors. We show evidence that our approach provides better recommendations than the previously proposed static ranking
implementations. Better recommendations can bene�t online labor
markets in three major ways. First, employers can make betterinformed and faster decisions based on the suggested applicants.
Second, contractors can save time by not applying to openings that
have very low hiring probabilities. Third, because the outcomes
of the recommendation-based transactions should be on expectation positive (since this is what our approach optimizes), both the

BACKGROUND

The recent emergence and growth of online labor markets [1] has
triggered research on various aspects of hiring decisions. Because
of the global reach of these markets, previous works have focused
on the importance of location in hiring decisions. In particular, researchers have shown that (1) employers show a strong preference
towards contractors from their own country [11, 14, 17, 31], (2) contractors from less developed countries are disadvantaged compared
to those from developed countries in terms of their likelihood of
being hired [2, 17, 32], and (3) contractors’ reputation attenuates
the negative e�ects of location [17]. In this work, we use a location
feature (point-wise mutual information–section 4.2) that captures
the association between the contractor-employer locations and the
contractor’s hiring probability.
A signi�cant portion of previous related research focuses on
the importance of reputation and its role in hiring decisions. Researchers have found that (1) reputation is an important predictor
of success only for �xed-price contracts [30], (2) employers place a
signi�cant weight on contractors’ reputation when making hiring
decisions [39], (3) employers trade-o� reputation and price and are
willing to accept higher bids posted by more reputable contractors [33], (4) reputation has a signi�cant impact on the contractors’
wage [6] and it transfers among certain task categories [24, 25],
and (5) both hiring contractors and providing detailed evaluations
substantially improve contractors’ subsequent employment outcomes [35]. For the proposed framework, we use reputation signals
(i.e., the accumulated feedback score, the total number of completed
jobs, and the total number of completed work-hours) as predictors
of the likelihood of a contractor to get hired and complete the tasks
successfully.
A main focus of our study is to explicitly model the heterogenous
and evolving nature of employers’ hiring behavior. We know from
previous works that when employers signal their price and quality preferences, the employer-contractor matchings signi�cantly
improve [19]. More recently, we learned that employers show a
positive hiring bias in favor of female contractors [9]. Furthermore,
after a transaction with a positive outcome, employers show a positive bias to the contractor’s country [32]. These studies capture
some of the behavioral dimensions of employers. However, they
do not explicitly model the employers’ evolving process through
consecutive hiring outcomes. Even though our work focuses on presentig a recommendation framework to guide hiring decisions, we
extend these works by providing a modeling approach that could be
potentially adjusted to study how hiring preferences evolve through
consecutive completed tasks.
In a series of other related works on hiring decisions, researchers
have found that the presence of agencies signals increased quality
for inexperienced contractors [38], and that high-value projects
attract signi�cantly more bids [12, 37]. Finally, Goes and Lin [16]
found that certi�cation status can negatively impact contractors’

likelihood of getting hired. In Section 4.2 we use the results of
these studies to conceptualize the introduction of certain employercontractor-opening features in our predictive framework.
This work directly extends the previous work of Kokkodis et
al. [27]. In their paper the authors proposed a series of recommendation algorithms that reinforce the hiring behaviors of employers
in an online labor marker. The proposed models however did not
account for (1) the hiring outcome and (2) the evolution of employers through consecutive hiring decisions. We extend their work by
proposing a framework that explicitly addresses these two points,
and we show that such a framework results in better recommendations. We discuss this framework next.

3

PROBLEM FORMULATION AND
METHODOLOGY

An online labor market transaction starts with an employer creating
an opening by posting a job description. The job description reveals
a series of characteristics that the employer is looking for, such
as the required set of skills and experience. The job description
and the related characteristics are job-speci�c and they are fully
observed by the interested contractors. Some of these contractors
who are on the look-out for opportunities and see a �t with the
opening submit their applications. For each application that arrives,
the employer makes a hiring decision based (1) on the employer’s
characteristics X i , (2) the applicant characteristics (X a ), and (3) the
opening characteristics (X o ). For simplicity, we merge the three
vectors into X = [X i , X o , X a ] 0 .
Problem de�nition: Given the set of available contractors, the employer, and the task at hand, our goal is to recommend the contractors
who are more likely to get hired and complete the task successfully.
HMM formulation: The employer’s hiring decision process is
latent (unobserved). From this process we only observe the outcome of each job application. In particular, for each applicant the
employer must �rst choose whether or not to hire. If the employer
chooses to not hire the applicant, we observe a “no hire" outcome. If
the employer chooses to hire the applicant, we observe the outcome
of the transaction after the completion of the task. This outcome is
de�ned by the minimum of the bilateral feedback scores that employers and contractors assign to each other upon the completion
of the task. For simplicity, we assume a positive outcome when the
minimum assigned score is greater than 0.8, and a negative outcome
otherwise (see Figure 1).2 Formally, we observe the following set
of possible outcomes (Y):
Y = {no hire, negative, positive} .

(1)

Employers’ decisions evolve dynamically with time. Speci�cally,
we expect employers to learn and optimize their hiring evaluation
process based on the outcomes of their previous transactions on
the platform. We formulate this evolution as a structured Hidden
Markov Model (HMM).3 At any point in time t, employers operate
from a latent state, which determines their propensity to make a
2 Extensions to more granular outcomes are conceptually trivial, but could result in
very sparse observations.
3 HMMs have been used in modeling diverse sequential environments, including user
contribution in online communities [26] and online advertising [15].
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Figure 2: The structure of the two-layered HMM. In the top
layer, there is only the initial state s 1 , where we cluster all
employers when they �rst join the platform. Once the employers hire contractors and complete transactions on the
platform, they emit positive or negative outcomes and they
transition to an appropriate state in the bottom layer. In the
bottom layer, the employers are not allowed to return to the
top layer, but instead, they are allowed to stochastically transition in the K 1 available states.
hiring decision with an outcome Yt 2 Y. Depending on the outcomes of these hiring decisions, employers stochastically transition
to new latent states. For our HMM, we assume a set of K latent
states (S):
S = {s 1 , s 2 , . . . , s K } .
(2)

For the rest of the paper we assume that the unit of time (t) is a
new hiring decision.
HMM structure: Every new employer who joins the platform has
certain preferences and biases when choosing contractors to hire.
As the employer rejects some applicants and hire others, we observe
signals of the employer’s hiring process. To capture this behavior
in our HMM, we impose a two-layered structure: In the �rst layer,
we assume only an initial latent state s 1 , where we land all new
employers. We use this state to make an initial estimate of the
employers’ hiring processes.4 Once the employers complete their
�rst transaction and emit a positive or a negative outcome, they
stochastically transition to one of the K 1 states of the second
layer. We show this structure in Figure 2, where we distinguish the
two layers and derive the possible transitions from each state.
To completely de�ne an HMM, we need (1) a vector of initial state
probabilities , (2) a transition matrix T that holds the transition
probabilities between states, and (3) an emission matrix E that
describes the state-speci�c probability distributions across the set
of observations Y. Since we assume that every new employer lands
in state s 1 , we de�ne the initial probability vector for our HMM as
follows:
= [1, 0, 0, ..., 0] 0 .
(3)
4 The

alternative here would have been to land employers stochastically to one of the
second layer states. This would increase the noise in our predictions, and as a result it
would hurt the performance of our approach.

Even though an employer emits observations Yt 2 Y for every
received application, we allow employers to transition to a new
state only after a positive or a negative outcome. The intuition is
that employers learn and adjust their hiring behaviors only through
completed transactions. Speci�cally, we assume that the history of
positive and negative outcomes of each employer directly a�ects
the employer’s transition to a new state. Hence, we de�ne the vector
Z t = [ t , t ] 0 , where t is the number of previous positive outcomes
at time t and t is the number of previous negative outcomes at
time t.
Let us denote the transition probability of a given employer to
move from state sk to state sl at time t as follows:
sk sl
kl Z t

1

= Pr(S t = sl |S t 1 = sk ; kl , Z t 1 ) .

(4)

In the previous Equation, kl is the vector of coe�cients of state
sk that de�ne the weights of t 1 , t 1 in estimating the transition
probability to state sl . We estimate this probability through the
following activation function:
8
>
0,
if t 1 + t 1 = 0, sl , sk
>
>
>
=<
1,
if t 1 + t 1 = 0, sl = sk (5)
>
1
>
>
> softmax( Z t 1 ), if t 1 + t 1 > 0 .
kl
:
Because of the structure that we impose to our HMM (�gure 2),
the transition matrix is not completely �lled with elements of Equation 5. Speci�cally, at time t, the transition matrix has the following
form:
sk sl
kl Z t
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(6)

(7)

where 2 Y, sk 2 S, and k, is the vector of coe�cients for
estimating the probability to observe outcome when being in
state sk and having an input vector of features X t . Finally, we
de�ne the complete vector :
= [ 1,no hire , 1,negative , 1,positive , . . . , K,positive ] .
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HMM identi�cation: Given the structure of this HMM, we need
to estimate the parameter vectors , . To do so, we maximize
the conditional probability of the set of observations given the

SM

XM

...

YM

t
Figure 3: The structure of the latent state sequence S i , the observed sequence of outcomes Y i , the parameter vectors , ,
and the sequences of input vectors X 1:M , Z 1:M 1 for a given
employer i. For better readability we drop the employer subscript i. As with traditional probabilistic graphical models,
we show the latent states in clear ellipses, while everything
we observe we show in shaded ones.
HMM. Let us assume that we have the following sequence of M
observations for a given employer i:
(9)

where Yim 2 Y, m 2 {1, 2, ..., M }. These observations correspond
to a sequence of input vectors:
X 1:M = X 1 , X 2 , . . . , X M .

In the previous, = [ 11 , 12 , . . . , K K ] 0 .
To completely de�ne the HMM we need to derive its emission
matrix. This matrix, consists of elements that describe the conditional probabilities of observations given the current state of the
employer. We assume that these emission probabilities follow a
multinomial distribution across our set of available observations,
Y. We further assume that the emission probabilities are directly
a�ected by the individual features of the employer, the applicant,
and the opening, i.e., the vector Xt at time t. Formally, we compute
the emission probabilities as follows:

0

...

Y i = Yi1 , Yi2 , . . . , Yi M ,

1

Pr(Yt = |S t = sk ; k, , X t ) = softmax( k, Xt ) ,

Start

Z1

(10)

Furthermore, let us assume that Y i is the result of a sequence of
latent states, S i :
S i = Si1 , Si2 , . . . , Si M ,
(11)
where Sim 2 S. This sequence of states is a�ected by the sequence
of outcome vectors Z 1:M 1 :
Z 1:M 1 = Z 1 , Z 2 , . . . , Z M 1 .

(12)

We show these sequences along with their interactions in Figure 3.
Based on the structure of our graph, we get the conditional likelihood of observing Y i :
Pr(Y i |S i ; , X 1:M ) =

M
Y
t =1

Pr(Yit |Sit ; , X t ) ,

(13)

where we estimate the right hand side through Equation 7. From
Figure 3 we further get the conditional probability of observing the
sequence S i :
Pr(S i | , Z 1:M 1 ) =

(S 1 )

M
Y
t =2

Pr(Sit |Sit 1 ; , Z t 1 ) ,

(14)

where (S 1 ) is the the prior probability of being at state S 1 . We
estimate this Equation through the transition activation function
(Equation 5). Since the structure of the HMM imposes that every

new user lands in state s 1 ( (S 1 = s 1 ) = 1) we simplify the previous
equation to the following:
M
Y
t =2

Pr(Sit |Sit 1 ; , Z t 1 ) .

(15)

Based on this analysis and the graph in Figure 3 we derive the
likelihood of this sequence of observations for employer i as follows:
l (Y i ; , )

=
=
Figure 3

=
=
.
.

Pr(Y i | , , X 1:M , Z 1:M 1 )
X
Pr(Y i , S i | , , X 1:M , Z 1:M 1 )
8S i

8S i t =2

Pr(Sit |Sit 1 ; , Z t 1 ) ,

N
Y

l (Yi ; , ) .

(16)

(17)

i=1

Once we have the complete likelihood, we can estimate the parameters , that maximize it.5 We do this numerically through the
limited memory Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm [8].

4

EXPERIMENTAL SETUP AND RESULTS

Before we analyze the performance of our approach (section 4.4),
we need to present (1) the dataset we used, (2) the construction of
the feature vector X and (3) our setup.

4.1

Data

To build and evaluate our framework we use a dataset of hiring
decisions from an online labor market. This market provides a set of
tools for employers who intend to hire and manage remote contractors. We use a set of 392,411 job applications for 17,304 openings
that led to 25,297 completed tasks. These tasks span across a series
of categories, including web and graphic design, sales and marketing, administrative support, etc. Furthermore, the dat includes both
�xed price tasks (i.e., tasks for which the compensation is agreed
upon at the signing of the contract) and hourly priced tasks (i.e.,
the contractors get compensated per hour of work).
In our dataset we observe a total of 367,114 “no hire" outcomes,
10,776 negative and 14,521 positive ones. Figure 4 shows the distributions of the completed tasks and hiring decisions per employer
in our dataset. Recall that the completed tasks are the observations
that trigger transitions to new states (see Equation 5), while the
hiring decisions per employer represent the lengths of sequences
that we train our HMM on.
5 In

practice we minimize the negative log-likelihood.
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where we used the structure of the HMM to decompose the joint
probability of Pr(Y i , S i | , , X 1:M , Z 1:M 1 ).
Finally, we get the complete likelihood for a dataset with N
employers as follows:
L( , ) =

0.006

0

Pr(Y i |S i ; , X 1:M ) Pr(S i | , Z 1:M 1 )

Pr (Yi1 |Si1 ; , X 1 )
M
XY
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Figure 4: The distributions of the completed tasks (left) and
hiring decisions (right) per employer in our dataset.

4.2

Feature engineering

The framework described in Section 3 assumes a feature vector X ,
which captures the distinctive characteristics of the employer, the
opening, and the contractor at hand. To construct this vector we
draw on the rich previous literature on hiring decisions in online
labor markets.
The �rst attributes that we consider capture the contractor’s
reputation. Researchers have shown that higher feedback scores
increase the hiring probability (e.g., [33]). In our setting, we observe
an over-saturation of very reputable applicants; For example, the
average feedback score of a contractor in our dataset is 4.77 out
of 5.0, while the median is 4.92 out of 5.0. Even though in�ated,
feedback scores might still provide a noisy signal regarding the
contractor’s quality. One of the possible explanations for reputation
in�ation is the phenomenon of ‘customer death’ [21]: Users who
receive low feedback scores usually abandon the platform, and they
either create new accounts and rejoin, or �nd alternative platforms
to use. As a result, the total number of completed jobs as well as the
total number of work-hours of a contractor on the platform are two
additional signals of reputation. That is, a contractor who has been
employed multiple times in the past is all else being equal more
reputable than a contractor who has yet to be employed (similarly
with work-hours). Hence, we start the construction of vector X by
including these three signals: feedback score, number of completed
jobs, and the total number of work-hours.
Next, we know from previous works that the contractors’ bidding
prices are correlated with the outcomes of hiring decisions [12, 33,
37]. Speci�cally we know that high-value projects create greater
rents for low-quality bidders, encouraging them to participate even
when their likelihood of success is small [37]. In our study, we deal
with two types of tasks, i.e., hourly and �xed priced. To capture
the bidding e�ect along with its task-speci�c incremental e�ect
we include in the feature vector (1) the bidding price, (2) a dummy
variable that captures whether or not we have a �xed price task,
and (3) an interaction term between the bid and the dummy �xed
price variable.
Employers show a strong preference for contractors from their
own country [11, 14]. The underlying mechanism that explains this
is that communication is easier and trust increases when interacting

Median

StD

Min

Max

4.77
4.94
563
72.1
0.53
126
-0.49
2.34
1
0.16
26

4.92
0
40
12.22
1
35
-0.46
2.08
1
0
15

0.39
14.45
1449
254
0.5
340
0.42
1.73
1.2
0.36
33

1
0
0
3
0
3
-3.68
-0.71
0
0
0

5
403
37697
5000
1
5000
4.44
7.33
18
1
291

Table 1: Descriptive statistics of the eleven attributes in feature vector X .

with local contractors [4, 29]. To better capture these employercontractor preferences, we use a location metric that calculates
the point-wise mutual information (PMI) of the employer’s and
the contractor’s countries [27]. PMI is a measure of how much
the probability of a particular co-occurrence between two events
di�ers from what we would expect to see if the two events were
independent. PMI takes both positive and negative values; it is zero
when the two events are independent, and it maximizes when the
two events are perfectly associated. Formally [10]:
Countries PMI(Ca , Ci ) = log

Pr(Ca , Ci )
,
Pr(Ca ) Pr(Ci )

(18)

where Ca is the country of the hired contractor and Ci the country
of the employer.
Online labor markets o�er a series of skill tests and certi�cations.
Goes and Lin [16] showed that certi�cations might have a negative
impact on the likelihood of getting hired. In our work, we argue
that not all certi�cations are the same; some certi�cations might be
very important for certain jobs but completely irrelevant to others.
We propose to capture the importance of a given certi�cate through
its co-occurrence with certain types of jobs. Similarly to before, we
use the point-wise mutual information (PMI) between the set of
required skills by the job opening (Oo ) and the set of certi�cations
of the contractor (Q a ):
Certi�cations PMI(Oo , Q a ) = log

Pr(Oo , Q a )
.
Pr(Q a ) Pr(Oo )

(19)

Furthermore, we estimate the inner product between the set of
self-reported skills of the contractor and the set of required skills
by the opening.
We complete the feature vector X by including the order of
application (i.e., a measure of when did the candidate apply for
the job), as well as whether the employer actively sought out and
contacted the candidate to apply. We expect these two attributes
to have predictive information, since the �rst one is a noisy signal
of competition for the task, while the second one shows that the
employer is preferential towards the invitee.
The complete feature vector X consists of eleven attributes. Table 1 shows the descriptive statistics of these features. Note that

40
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Figure 5: The BIC scores for di�erent number of states (K)
for our HMM. The error bars represent 95% con�dence intervals. Based on the results, we pick K = 5.
some variables have missing values: Not every contractor has previously worked on the platform, and as a result these contractors
do not have an assigned feedback score. Similarly, some combinations of the certi�cations PMI and the countries PMI are not
found in our training sets.6 We impute these missing values to
the median within task-category scores. In addition, some of the
variables have really long tails (e.g., “Total hours worked"), and as a
result we log-transform them. Finally, to accelerate the convergence
of the optimization algorithm, we standardize all the non-binary
attributes.

4.3

Evaluation setup and parameter estimation

For our analysis, we split our dataset into training (66%) and test
sets (34%) based on employers (i.e., the sequence of outcomes of
each employer can only be in either the test or the training set,
but not in both). We use our training set to estimate the parameters of the HMM, as well as the parameters of the baseline models
we consider (discussed later). We then use the test set to evaluate
the performance of our approach. In the next paragraphs we describe the process of building our HMM and our baselines, and we
conclude by discussing the evaluation metrics that we use.
HMM model selection: We �rst use the training set to empirically
identify the number of unobserved states K that best explain our set
of observations. Speci�cally, we estimate the Bayesian information
criterion (BIC) scores for 1,000 random initializations, for each
K 2 2, 3, ..., 6. We show the results in Figure 5. We see that K = 5
and K = 6 yield the lowest BIC scores. Since K = 6 is not statistically
signi�cantly better than K = 5, we choose the latter. Note that this
selection process is common practice in similar scenarios [7, 28, 34].
Given that the number of states for the HMM (K = 5), we estimate the set of parameters , that maximize the likelihood of
Equation 17. Our optimization process depends on the initialization
of these parameters, and as a result it is prone to stuck in local
maxima. To increase the likelihood of reaching a potential global
6 To

avoid over�tting, we estimate the PMI scores for the exams and the countries on a
completely separate dataset of 20,000 randomly chosen hiring decisions, that we do
not use anywhere else in this study. Since some combinations in our focal dataset are
not present in the PMI dataset, we end up with the missing values shown in Table 1.

where pa(x ) is the parent node of x in our network. As with the
HMM framework, we use our training set to estimate the parameters
of these models. For the Bayesian network, we identify its structure
through the BIC approximation ([34]).

Start

Evaluation metrics: In our scenario we are interested in rankings
of applicants according to their likelihood of getting hired and doing
a good job. As a result, the concept of accuracy as the fraction of
corrected classi�ed instances is both irrelevant and misleading: a
majority classi�er that always predicts “no hire" would have an
accuracy of 93.6%.
An appropriate evaluation metric for our problem that (1) overcomes the skewed input distribution bias but also (2) evaluates the
probabilistic ranking of the outcomes is the Area Under the ROC
Curve7 (AUC). Intuitively, the AUC score is the probability that our
model will rank applicants correctly, according to their likelihood
of (1) not being hired (“no hire”), (2) being hired and doing a bad
job (“Negative outcome”), and (3) being hired and doing a good job
(“Positive outcome”).
To directly compare the performance of our HMM with the
performance of the two baseline models we further estimate the
AUC improvement percentage:
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Figure 6: Our best-�tted HMM according to BIC score for
K = 5. The transition probabilities are estimated through
simulating employer decisions in the training set. We omit
the emission probabilities to increase the readability of the
graph. For the same reason, we only show transitions with
probabilities greater than 0.05.
maximum, we conduct a search of 10,000 randomly selected prior
con�gurations. We then choose the con�guration that yields the
lowest BIC score.
In Figure 6 we show the best-�tted HMM (according to BIC)
on our training set. To estimate the transition probabilities, we
simulate the hiring behaviors of employers in our training set (i.e.,
we simulate the paths of employers, and then average the resulting
transition probabilities from each state). In the Figure, we distinguish the two layers shown in Figure 2: From state s 1 employers
move to states in the second layer, s 2 s 5 . Once there, employers transition to states within the bottom layer, according to the
outcomes of their hiring decisions and the estimated parameters .
Baseline mmodels: To compare the performance of our HMM we
use the previously described models for recommending candidates
in online labor markets by Kokkodis et al. [27]. Speci�cally, we
build a logistic regression, and a Bayesian network. Compered to
their previous implementations in [27], we now formulate them to
predict the outcomes in Y. For the multi-class logistic regression,
we estimate the following:
Pr(Yt |X t ) = softmax( X t ) .

Similarly, for the Bayesian network approach we get:
Q
x 2 {X t [Yt } Pr(x |pa(x ))
Pr(Yt |X t ) =
,
Pr(Yt )

(20)

(21)

4.4

AUCH M M AUCbasel ine
⇤ 100 . (22)
AUCbasel ine

Results:

In Figure 7 we show the AUC scores for our three models, across
the three outcomes. A random predictor has an AUC=0.5 [36]. Our
HMM framework works better than the other two algorithms in
two out of the three classes we consider. Speci�cally, it yields an
AUC of 0.76 in ranking applicants according to their likelihood of
emitting a positive outcome, compared 0.68 and 0.66 of the logistic
regression and the Bayesian network respectively. Similarly, our
HMM outperforms the other two in terms of ranking instances
according to their likelihood of not getting hired (0.76 vs. 0.67
and 0.65). To the contrary, our framework fails to accurately rank
negative outcomes, where logistic regression seems to provide a
descent ranking, with an AUC score of 0.65.
Up to this point, we showed that our framework outperforms
the two alternative algorithms in two out of our three classes. Recall that the HMM captures the evolution of employers through
consequent hiring decisions. Hence we should expect it to perform
better, as employers make repeated hiring decisions. To compare
the performance of the three models on consecutive hires, we estimate the AUC percentage improvement (Equation 22) for n or
more completed tasks, where n = {0, 1, ..., 10}. When n = 0, we
evaluate the performance of these approaches on the complete test
set (i.e.,, same evaluation as the one presented in Figure 7). When
n = 1, we evaluate only on the hiring decisions that followed the
completion of the employer’s �rst task. When n = 2, we evaluate
only on the instances in our test set that followed the completion
of the employer’s second task, etc. We show the results in Figure 8. For the negative outcome, our HMM starts badly, presenting
a negative improvement in the complete dataset (around 20% worse
than the logistic regression and the Bayesian network). However,
7 For

a detailed analysis on the use of AUC see [36].
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Figure 7: The AUC scores for the HMM framework and the two alternative static modeling approaches, Logistic regression
and Bayesian network. We see that in “positive outcomes” and in “no hires” the HMM performs signi�cantly better than the
other two. To the contrary, the HMM fails to accurately rank “negative outcomes.”
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Figure 8: AUC improvement (Equation 22) of our approach over the two alternatives models, logistic regression and Bayesian
network. Overall, we see that as the number of completed tasks increases, the improvement of our HMM increases. Only
exception is the case of “positive outcomes”, where the improvement ranges between 1% and 13%.
after the �rst set of completed tasks, our HMM recovers, and we
see a positive improvement for n 4. In fact, this improvement
reaches 24% for n = 10. For positive outcomes, we do not observed
a clear increasing trend of the improvement. However, the improvement over both alternative algorithms remains positive and ranges
between 1% and 13%. Finally, for ranking applicants who are not
getting hired, our HMM approach shows a slightly increasing trend,
and it reaches an improvement of 22% for n = 6 and n = 10.
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DISCUSSION

In this work we built and evaluated a structured HMM framework
that captures the dynamic hiring behavior of employers in online labor markets. We showed that our framework has a strong predictive

performance, and that it overall outperforms static implementations
for ranking applicants.
The deployment of approaches that recommend candidates is
critical for online labor markets. Such recommender frameworks
(1) accelerate the employers’ selection process and reduce search
cost [5], and (2) they can discourage contractors from �ooding
openings by applying to jobs that have very low hiring probability.
The observed improvement of our approach over the two alternative
algorithms can have a strong impact on the marketplace: Improved
matchings can increase both the employers’ and the contractors’
satisfaction, and as a result increase the likelihood of these users to
keep using the platform.
The deployment of approaches that recommend candidates is
critical for online labor markets. Such recommender frameworks

(1) accelerate the employers’ selection process and reduce search
cost [5], and (2) they can discourage contractors from �ooding
openings by applying to jobs that have very low hiring probability.
The observed improvement of our approach over the two alternative
algorithms can have a strong impact on the marketplace: Improved
matchings can increase both the employers’ and the contractors’
satisfaction, and as a result increase the likelihood of these users to
keep using the platform.
Methodological contributions: Besides the bene�ts of the implementation of our approach, our study provides a technically solid
framework for problems that are broadly similar. For example, a
version of our approach could be used in recommending applicants
in the o�ine setting: By analyzing career trajectories of candidates
on LinkedIn we could build a similar dynamic recommendation
framework. For such an approach, the observed outcomes could be
“upward trajectory” and “downward trajectory” (since we do not
observe “no hire" outcomes on LinkedIn).
Even further, our framework can be used in vastly di�erent
scenarios of sequential observations. For instance, we could use
our approach to estimate the expertise of a worker on a given set
of skills. The idea is that contractors evolve and learn new skills
all the time. In addition, because feedback scores are in�ated, it
is very hard–if not impossible–for employers to assess the true
expertise of a worker on a given set of skills. By using signals of
the contractors’ histories on the platforms (e.g., what types of tasks
they work on, what are the task outcomes, etc.) we can dynamically
provide estimates for the latent expertise of a contractor on a given
set of skills.
Conclusions: To conclude, our work is the �rst to propose a framework that explicitly models the dynamic and heterogeneous nature
of employers. Through our evaluation on a dataset of online hiring
decisions we show that our approach outperforms the static implementations of recommending candidates. Our proposed framework
has the potential to minimize the employers’ search cost and increase the market’s transaction volume through the overall increase
in satisfaction of the contractors and the employers.
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