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Abstract. Global online labor markets (OLMs) lower the barriers to entry and enable
global competition for information technology (IT) services from providers around the
world. Although the prior OLM literature predominantly found systematic advantages for
IT service providers from developed countries because of their higher perceived quality,
the reality is that most service providers in OLM are from developing countries. This phe-
nomenon requires a robust analysis of how OLMs are evolving. In this study, we conduct
a geo-economic analysis on IT service providers’ survival utilizing a unique longitudinal
panel data set from an OLM, which comprises 40,874 IT service providers from different
countries over a period of more than four years (2006 to 2010). Based on results from
Survival models and a series of robustness checks, we were able to decipher how geo-
economic factors (specifically the country development level) and reputation interact to
determine service providers’ survival. Our findings provide a different perspective from
the prior literature on OLM by showing a systematic advantage for IT service providers
from developing countries in terms of survival, especially when providers from develop-
ing countries were able to signal their individual quality through reputation. We explain
and discuss the mechanisms underlying these effects, and highlight implications for OLMs
for IT services.
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1. Introduction
Global online labor markets (OLMs) are matching
platforms that bring together employers and on-
demand service providers (Chen and Horton 2016,
Hong et al. 2016). The role of OLMs in today’s econ-
omy is rapidly growing as OLMs are projected to pro-
vide some 72 million full-time-equivalent positions by
2025 (Manyika et al. 2015). Beyond matching employ-
ers with service providers, the OLMs also bring ser-
vice providers head on with their competition from
around the world. OLMs flatten market hierarchies,
reduce transaction costs, and open up tasks and ser-
vices that were once local jobs to global competition
(Malone et al. 1987, The Economist 2010, Hong and
Pavlou 2017). The advancement of technology and
reduction in transaction costs make moving jobs to
places with cost advantages more viable (Moreno and
Terwiesch 2014). As the jobs move to developing coun-
tries, developed countries will face pressure on wages
and jobs in OLM (Blinder 2006, Bottini et al. 2007).
The implication of jobs movement is that, as the mar-
ket evolves, the proportion of providers from devel-
oped versus developing countries (herein referred to

as “market participation”) may change. Yet, relatively
little is known about the mechanisms that affect market
participation from developed versus developing coun-
tries in OLM.

OLM is a disruptive force in labor markets as it al-
lows small firms and even individuals to outsource
information technology (IT) jobs and IT services world-
wide, and they allow any IT service provider1 to
compete for those jobs (Moreno and Terwiesch 2014,
Manyika et al. 2015). Despite the growing importance
of OLMs, especially because of their ability to bring
together employers and providers from around the
globe, research that addresses the geo-economic mech-
anisms in terms of market participation in OLMs is
lacking. The existing studies on OLMs have primar-
ily focused on reputation and signaling mechanisms
to study the employers’ hiring decisions when they
receive quotes from providers with different reputa-
tions, different genders, or from different countries
(Mill 2011, Scholz and Haas 2011, Hong and Pavlou
2017, Chan and Wang 2014, Lin et al. 2018). This line
of inquiry has identified systematic hiring biases ben-
efiting providers from developed countries, because
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those providers may be perceived to have higher qual-
ity (Mill 2011, Agrawal et al. 2016, Hong and Pavlou
2017). However, these studies have largely focused
on the employers’ perspective in making hiring deci-
sions, ignoring that the evolving nature of the inter-
play between individual reputation and geo-economic
factors such as economic development may also deter-
mine the providers’ survival. In this study, we aim to
address this research gap by focusing on how indi-
vidual reputation and economic development interact
to affect market participation in OLM. Specifically, our
study looks at systematic differences in survival for
providers from developed and developing countries,
and we investigate the economic (developing coun-
try providers have a lower living cost) and perceptual
(developed country providers are perceived as more
capable) drivers of this difference and how providers’
individual reputation overcomes the perceptual bias.
The survival of providers is a key performance indi-
cator and the driver of the evolution of online labor
markets. If there are systemic mechanisms that favor
providers from certain countries, we would expect the
distribution of labor to shift as more providers from
these countries flock to and remain in the market. The
survival of providers in OLM, while important, has
received relatively little attention from the information
systems (IS) community (Banker et al. 2011). One pos-
sible reason for this void in the literature is the diffi-
culty of reliably measuring providers’ survival in the
market, since such data are usually proprietary and
difficult to observe on scale. We overcome this hur-
dle by utilizing a proprietary data set from a leading
OLM that allows us to observe users’ complete plat-
form activities and their time stamps, including their
last logins, bids, and transactions. Users’ comprehen-
sive activities help us reliably measure survival based
on market exit. We further combine this proprietary
data set with data from publicly available archival
sources, including exchange rate data from the Inter-
national Monetary Fund (IMF), and gross domestic
product (GDP) data for the providers’ countries of res-
idence from the World Bank (WB), among others. We
construct a longitudinal provider-month panel data set
comprising 40,874 providers from various countries in
a leading global OLM over a period of four years and
nine months between 2006 and 2010. We used a time-
variant survival model to estimate the interaction effect
of the country’s development level2 and provider rep-
utation on provider survival (Thomas and Reyes 2014).
We found that (1) providers from developing countries
are more likely to survive; and (2) reputation has a
stronger effect on the survival of providers from devel-
oping countries, compared with providers from devel-
oped countries.

This paper makes several important contributions.
To our knowledge, our study is the first to examine

the survival of IT service providers in the global con-
text with a novel data set from a major OLM. This
study extends prior IS literature on provider survival
(Banker et al. 2011, Susarla and Barua 2011) by look-
ing at the joint effect of country economic develop-
ment and providers’ individual reputation on provider
survival in an OLM. We found evidence for sys-
tematic advantages to developing country providers,
and further, compared with providers from developed
countries, providers from developing countries bene-
fit more from a better individual reputation for their
survival. Second, this study expands the emerging IS
literature on OLM. While a majority of the current
studies of online labor markets use an employers’ per-
spective by squarely focusing on the employers’ hir-
ing decisions (Malone and Laubacher 1999, Banker and
Hwang 2008, Tambe and Hitt 2010, Scholz and Haas
2011, Moreno and Terwiesch 2014, Yoganarasimhan
2013), that is, factors that determine which provider
will land a contract, our study expands this line of
research by conducting a provider-level analysis of sur-
vival in OLM.

This paper proceeds as follows. Section 2 describes
the background and related literature. Section 3 devel-
ops our hypotheses. Section 4 provides a description
of our data, the estimation models, and our results.
Section 5 discusses the contributions and implications
of this study for theory and practice and Section 6
concludes.

2. Related Literature
There is a stream of research on outsourcing in the IS
field (Ang and Straub 1998, Susarla et al. 2010, Susarla
2012, Loh and Venkatraman 1992, Grover et al. 1996, Hu
et al. 1997, Ravindran et al. 2015). Traditionally, the out-
sourcing of jobs to geographically distant locations was
only possible for firms that manufactured shippable
goods (Blinder 2006), and manufacturing jobs were out-
sourced to offshore factories to leverage cheaper labor.
With the development of the Internet and virtual col-
laboration technologies, we are now in an era when
noncommodity service jobs, such as software develop-
ment, call center, or radiology diagnosis are being out-
sourced offshore (Blinder 2006). In general, the jobs
flow from the developed countries to the developing
countries, leading to a pattern where the employers
reside in developed countries, and the workers reside
in developing countries (Mill 2011). IT services were
among the first to be outsourced, thanks to the imper-
sonal and digital nature of the work (Koh et al. 2004,
Aspray et al. 2006, Tambe and Hitt 2010, Susarla 2012).
IS researchers have investigated various dimensions of
outsourcing: effects on workers skill composition and
job displacement (Tambe and Hitt 2010, 2012), role of
contracts in relation management Goo et al. (2009),
strategic considerations in outsourcing (Lee et al. 2004),
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success factors of outsourcing (Koh et al. 2004), and
more. Early on, it was noted that cost saving was a
major part of the puzzle of outsourcing (Ang and
Straub 1998), yet the big picture was much more com-
plex (Lee and Kim 1999, Levina and Ross 2003). Our
study extends this line of work by looking at IT out-
sourcing beyond cost savings from a geo-economic
perspective.

The emergence of online labor markets that match
providers to employers took offshore outsourcing from
the domain of the Fortune 500 companies and large
application service provider firm and brought it to the
mass market (Malone and Laubacher 1999, Moreno
and Terwiesch 2014, Hong et al. 2016, Susarla et al.
2003). Now, small firms and even individuals can out-
source their IT jobs to providers home and abroad.
This is evident in the sharp increase in the number of
providers from developing countries (and employers
from developed countries), and the significant growth
of online labor market platforms (Agrawal et al. 2013,
Kokkodis 2014).

OLMs reduce the transaction costs of contracting
IT work, allowing providers from all over the world
to compete for IT contracts (Agrawal et al. 2016).
However, the spatial and temporal distances between
employers and providers make global online labor
markets susceptible to adverse selection because of a
lack of ex ante face-to-face screening (Hong and Pavlou
2017) and moral hazard because of lack of effective
ex post monitoring (Liang et al. 2016). Mechanisms to
mitigate asymmetric information in OLM has been of
interest to researchers from economics, management,
and IS. These mechanisms mainly involve the signals
employers receive regarding the individual providers’
past performance or reputation in the OLM. Below
we highlight a few of the signals that past research
has focused on. Banker and Hwang (2008) investigated
the effect of past performance (bids, contracts, etc.)
on accounting service providers’ compensation. Yoga-
narasimhan (2013), using a structural model to address
the underestimation of reputation effects, found that
reputation increased the likelihood of providers get-
ting hired and having higher earnings. Using two nat-
ural experiments, Goes and Lin (2012) investigated the
effect of certifications on providers’ ability to obtain
contracts and the drivers of providers’ certification
seeking behavior. In summary, previous research pri-
marily investigated employers’ hiring choice as the
dependent variable. Our study extends this line of
research by adopting the lens of provider survival in
the OLM.

Survival has been an area that has received scant
attention in the OLM context (Banker et al. 2011),
and IS research on outsourcing in general (Susarla
and Barua 2011), yet survival is crucial in uncover-
ing market participation mechanisms (Li et al. 2010,

Wang et al. 2013, Ugur et al. 2016). Survival studies
often use methods originally developed to estimate
life expectancy, hence the name survival. The survival
models measure time to the occurrence of a well-
defined event such as death, mechanical failure, or exit
from the market (as is the case with firm survival) and
are being used in a broad range of disciplines. Build-
ing on the body of research on firm survival in broader
IS contexts (Li et al. 2010, Susarla and Barua 2011,
Ravindran et al. 2015), we extend previous literature to
focus on the unique dynamics in the OLM context. One
key difference between our study and prior firm sur-
vival studies is that the majority of service providers
in OLM are individuals rather than firms, making the
individual reputation easier to build and particularly
important.3

Related to this study, other scholars have noted the
employers’ preferences and biases in hiring in OLMs
(Hong and Pavlou 2017, Ghani et al. 2014, Chan and
Wang 2014). Our study does not directly address hiring
preferences in OLMs, yet we are interested in such sys-
tematic biases (based on the country of origin) as these
biases affect providers’ survival in OLMs. There has
been some research on the effects of country of origin
in OLM. For example, Gefen and Carmel (2008) pro-
vide a look at employers’ preferences toward providers
in OLM. They analyze rent-a-coder data with logis-
tic regressions. Their findings suggest that there are
location effects such that non-American employers pre-
fer domestic providers and American employers have
a preference toward offshore providers. Mill (2011)
argues that a lack of cues forces employers in OLM to
use indirect cues to infer the quality of providers. He
also demonstrates learning effects in buyer preferences
through repeat hires from the same country after a suc-
cessful transaction. Ghani et al. (2014), in a study of the
Indian diaspora, found that ethnic Indians were more
likely to outsource to India in OLM than non-Indians.
The geography and ethnicity effect is just one of many
international effects in OLM markets. The geographic
biases in provider selection have been comprehensively
assessed in Hong and Pavlou (2017). The authors found
that language, time zone, and cultural differences hin-
der employers’ contracting a provider. Their results
also indicate that when cost is controlled for, there is a
clear preference toward providers from countries with
a lower IT development, possibly because of negative
perceptions of the work quality of service providers
from those countries.

In summary, the findings from extant prior stud-
ies indicate an inconclusiveness on whether developed
or developing country providers have a systematic
advantage in OLM. This line of literature has tradition-
ally focused on employers’ choice in granting contracts
by estimating their hiring preferences. We argue that,
while important, buyer’s choice is insufficient to fully



Kanat, Hong, and Raghu: Surviving in Global Online Labor Markets for IT Services

896 Information Systems Research, 2018, vol. 29, no. 4, pp. 893–909, © 2018 INFORMS

understand mechanisms shaping market participation.
Instead, we investigate providers’ survival as an alter-
native perspective of market participation because it
indicates who remains in the market (Jacquemin 1972).
Therefore, our study extends this line of research by
investigating the systematic biases due to the joint role
of geo-economic factors (e.g., development level of the
providers’ country of origin) and reputation in deter-
mining provider survival in the OLM context.

3. Hypotheses Development
As we summarized earlier, the focus of prior litera-
ture on employers’ hiring preference obfuscates the
macrolevel effects of career viability of providers in
OLM. With our focus on the effect of geo-economics on
providers’ survival, we are better able to observe the
overall effect. In this section, we will seek to propose a
set of hypotheses regarding the survival of providers.
The offshoring literature has highlighted displacement
of labor from developed countries to developing coun-
tries as a key outcome of offshore outsourcing (Feenstra
and Hanson 1999, Grossman and Rossi-Hansberg 2008,
Blinder 2006). Our study revisits the key findings of
offshoring literature in the OLM context with a focus
on geo-economics, shedding some light on a nascent
area of inquiry in IS.

We theorize the survival of providers in OLM from
two perspectives: (1) production cost, and (2) percep-
tions of quality. As Roach (2004) highlights, the cost
differences between countries will lead to “global labor
arbitrage,” as providers from developing countries
offer lower prices for the same service. The employ-
ers will procure labor where it is cheaper to increase
their returns (Ang and Straub 1998, Blinder 2006,
Grossman and Rossi-Hansberg 2008). The arbitrage
seeking behavior, in turn, offers providers from devel-
oping countries some endowed advantage.

As the OLMs are open for all participants with low
barriers to entry, providers from developing countries
are able to leverage the global labor arbitrage because
of both long-term and short-term geo-economic con-
ditions. First, providers from countries with long-term
living cost advantages will be able to bid lower prices
because of lower production costs. Citing an exam-
ple used by Gefen and Carmel (2008), a $100 bid does
not mean the same amount to a provider residing in
a developing country as it does to a provider resid-
ing in a developed country. Because of lower living
costs, providers from a developing country can main-
tain the same living standard with a lower income
from OLMs (Feenstra and Hanson 1999, Aspray et al.
2006, Grossman and Rossi-Hansberg 2008, Clemens
et al. 2008). Hence, despite employers’ preference for
providers from developed countries conditional on bid
prices (Agrawal et al. 2016, Hong and Pavlou 2017),
with the ability to bid lower prices, providers from

a developing country may still be able to land more
contracts. Second, providers from developed countries
face higher opportunity costs. The traditional labor
markets in developed countries may provide a more
gainful employment environment compared to OLM.
Because of this dual mechanism, the providers from
developing countries will be more likely to survive
in OLM.

Hypothesis 1. Service providers from developing countries
are more likely to survive in OLM, compared with those from
developed countries.

Providers from countries with a favorable short-term
exchange rate can leverage this arbitrage effect. Prior
research found that the depreciation of currency often
leads to an increase in exports (Auboin and Ruta 2013).
This phenomenon is even more pronounced in devel-
oping country economies, because their currencies are,
on average, undervalued by 20% (Freund and Pierola
2008), a consequence of the well-known “Balassa–
Samuelson” effect (Balassa 1964).4 Certain developing
countries have been known to use currency devalua-
tion as a tool to boost exports (Bird 1983). An increase
in exports has been attributed to the reallocation of
resources to export industries, as the resources are
moved from production for domestic consumption to
the more profitable exports (Roberts and Tybout 1997).

Bearing this in mind, we expect providers in devel-
oping countries to move to OLMs to offer their ser-
vices to foreign employers and leverage benefits of
weaker currencies. Leveraging arbitrage in this fash-
ion will manifest itself in providers’ from those coun-
tries undercutting prices to obtain more contracts. In
both dimensions, there should be an increase in activ-
ity as the providers leverage the exchange rate effects.
As demonstrated in Hong and Pavlou (2017), providers
from developing countries do bid lower prices (in U.S.
dollars) when the currency of their residing country
devalues, providing support for the first dimension.
Both effects would indicate that providers from coun-
tries with weaker currencies will survive longer for the
same amount earned in dollars.

Hypothesis 2. Providers from countries with weaker cur-
rencies are more likely to survive in the OLM, compared with
those from developed countries.

We proceed to discuss how the perception of quality
as a function of the development level of the providers’
country of origin will affect their survival in OLM. The
literature has shown that price differentials result from
the differences in perceived quality between countries
(Hallak and Schott 2011). Previous research has shown
that when customers are unable to perfectly scrutinize
a product’s quality, they use the country’s develop-
ment level to infer the product’s quality (Han 1989).
Signaling theory has been used to explain this “country
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of origin effect” (Verlegh and Steenkamp 1999, p. 521).
The employers use the country development level as
an image-based signal when they have insufficient
information on the products’ quality. In a sense, the
image reputation of the country spills over to the per-
ception of product quality. As an example, employers
may perceive products “made in Singapore” to have a
higher quality than products “made in Myanmar.” The
country image spillover effect is not limited to prod-
ucts; similar effects of reputation transfer have been
highlighted in offline (Lin and Chen 2006) and online
(Kokkodis 2014) service contexts.

We expect “country of origin effects” to also exist
in the context of OLM for several reasons.5 The ser-
vice quality of a provider is difficult to gauge with-
out actual dyadic experience (Nelson 1970). Without a
reliable signal, employers will use heuristics such as
country image to infer the quality of service providers.
Specifically, the providers from developed countries
are viewed as having higher quality because of better
country-level infrastructure (Agrawal et al. 2016) and
education (Hong and Pavlou 2017). Therefore, when
the provider lacks any individual signals (e.g., reputa-
tion), employers are left with group level cues (country
image based on development) to infer the quality of
providers (Mill 2011, Hong and Pavlou 2017, Banker
and Hwang 2008).

However, this country image-based reputation is
perceptual and may be substituted with providers’ in-
dividual reputation. As providers start building their
individual reputation, the role of country of origin
fades because the employers no longer need to rely on a
coarse, group-level information cue to infer the quality
of a specific provider; but they can directly estimate the
providers’ quality based on the reputation earned from
their past performance. Therefore, the individual rep-
utation will have a more significant effect for develop-
ing country providers’ survival as it alleviates employ-
ers’ concern that they would not perform as well as
providers from developed countries. Thus, bearing the
above discussion in mind, we expect that individual
reputation will moderate perceived country reputation
on provider survival.

Hypothesis 3. The effect of individual reputation on sur-
vival in OLM is higher for providers from developing coun-
tries, compared to providers from developed countries.

4. Empirical Methodology
4.1. Data
The data for this study was obtained from three ar-
chival sources. First, we obtained proprietary transac-
tion data from a leading OLM6 for the period between
January 2006 and October 2010. The partner OLM is
one of the largest online labor markets with providers
all over the world. For this study, we are focusing on

providers in this platform who have logged in at least
twice and have placed at least one bid after registering
at the website. After including those users who we can
match with the variables of interest, we ended up with
475,503 observations of 40,874 providers from 72 coun-
tries. India, the United States, the Philippines, Pakistan,
and Canada, respectively, were the countries with the
largest groups of providers in the observation period.

In OLMs, employers post projects for the providers
to bid on. The project specifies the budget, task, and
skills necessary to complete the job before a dead-
line. Most OLMs follow a reverse, buyer-determined
auction mechanism (Asker and Cantillon 2008, Hong
et al. 2016) in which the employer will select a provider
to maximize his expected utility. In online labor mar-
kets, the moral hazard and adverse selection are risks
any OLM needs to address (Moreno and Terwiesch
2014). The partner OLM provides a reputation sys-
tem wherein the employers can rate and comment on
the service provided, as well as an arbitration system
to resolve any disputes. When a contract is granted,
the buyer places the money in escrow until the buyer
reports completion of the project.

Provider-level data were augmented with a num-
ber of important country-level variables. We obtained
country-level economic indicators (total unemploy-
ment rate, GDP, gross national product (GNP), edu-
cation index, number of Internet servers) from the
World Bank, the United Nations, and the World Eco-
nomic Forum databases, and matched the data onto the
transaction data. We obtained the currency units per
Special Drawing Right (SDR) from the IMF to construct
the exchange rates measures. Finally, we obtained the
percentage of the population speaking English in any
given country from (Melitz and Toubal 2014).

Survival models estimate the duration of time to
an event. In our models, the event was the provider’s
exit from the market. Hence our dependent variable is
closely linked to the event of exit. In our main model
(presented in Section 4.2.3), we use the time to market
exit to determine the survival duration of providers in
the market.

In this study, we use two data sets at different lev-
els of aggregation. For the baseline results obtained
through logistic regression and linear probability mod-
els, we use a cross section of the provider-level data
with entry and exit dates and cumulative averages of
provider level variables (such as completed projects).
For the time-variant survival model that makes up the
main model of interest, we use monthly aggregation at
the provider level. Definitions of variables in our data
set are presented in Table 1 and descriptive statistics
are presented in Table 2.

Below, we describe the measures of our dependent
variables and independent variables used in time-
variant survival. Since we observe provider’s registra-
tion date, billing address, and login to the website (last
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Table 1. Variables

Variable Description

Exit Binary indicator for the month of exit from
the market, set to 1 for exit.

Developed World Bank binary development measure.
0 for developing countries.

Provider Reputation Ratio of successfully completed projects to
all projects attempted thus far by the
provider.

Won Projects Rolling average of projects won in the last
three months for the individual provider.

Completed Projects Rolling average of projects completed by the
provider in the last three months.

Earning Rolling average of the provider’s earnings
in the last three months in dollars.

XRate Average exchange rate for a country in a
month.

Tech Jobs Proportion of technical jobs in a provider’s
portfolio.

TotUnemp Total unemployment rate reported by the
World Bank.

IServers Number of Internet servers reported by the
World Bank.

CSpokLang Common spoken language as per Melitz
and Toubal (2014).

HigherED World Economic Forum B05 higher
education score.

login time and login IP address), we constructed a mea-
sure for market exit based on these observations.7 We
define the key variables used in the study in Table 1 and
report the descriptive statistics and correlation matrix
in Table 2 (for descriptives of all variables, please refer
to Online Appendix A). The data set presented below
is at the provider-month level for the entire observa-
tion period. Note that, albeit generated from the same
underlying data, this panel data set is used for time-
variant survival analysis and is distinct from the cross-
sectional data set used in logistic regression and linear
probability models in the data structure.

Exit. The provider’s exit from the market is defined
as no login activity in the three-month period before
our last observation date. It is operationalized as a
binary variable (1⇤ exit; 0⇤ no exit). Using market exit
as a proxy for the end of a relationship in the survival
analysis has been a standard approach (Agarwal and
Gort 2002, Susarla and Barua 2011). We repeated all
our analyses using a six-month window as well and all
of the results remain qualitatively similar in terms of
signs, significance levels, and effect sizes.

While exit is the event we study, we are mainly inter-
ested in the duration of survival in the market before
exit. Hence, when we measure survival, our focus is
on the length of the active period in the market and
not in what comes next (see Online Appendix G). That
said, note that the majority of the providers (87%)
exit the market because of their inability to survive.
There are cases wherein providers exit the OLM with

success, which likely means that they obtained better
employment in offline job markets (for details, please
see Online Appendix G). Our study tries to uncover
the geo-economic factors that determine the period in
which the providers are active in OLM.

Developed. Low and middle income-level countries
are often called developing countries (World Bank
2015). The country income level, based on gross na-
tional income (GNI) per capita above or below $12,736,
is used by the World Bank as guidelines for classify-
ing developed versus developing countries. We also
used the continuous GDP_PPP (purchasing power par-
ity) as a robustness check. GDP_PPP refers to the
purchasing power parity adjusted GDP per capita
of the provider’s country of residence (see Online
Appendix D). GDP_PPP is an economic measure of the
relative value of per capita income after adjusting for
the purchasing power of the country’s currency. This
concept has been widely considered in the IS (Gefen
and Carmel 2008, Hong et al. 2016) and economics lit-
erature (Lothian and Taylor 1996, Lee and Tang 2000).
To obtain data on GDP_PPP and GNI per capita, we
first needed a reliable source of data on the provider’s
country of residence. We matched the IP addresses to
the IP2Location Database V11 Database8 to obtain the
providers’ country of residence based on the providers’
login IP addresses. We also verified this data with the
self-reported billing addresses of the providers in this
marketplace and observed almost identical results. In
our data set, 31% of our observations came from devel-
oped countries. As the country development level is
proposed to measure country-level perceived quality,
we use a few alternative measures, such as the man-
ufacturing quality estimates from Hallak and Schott
(2011), as reported in Online Appendix F.

Provider Reputation is measured by the ratio of suc-
cessfully completed projects to all projects contracted
(completion rate) between the provider and any out-
sourcing firm. The completion rate is an objective
measure of the provider’s reputation. During our
observation period, the focal OLM used ratings as pub-
lic reputation, they later revised the website design
and now display the project completion rate along with
ratings as a measure of provider reputation, indicat-
ing that employers do consider completion rate as an
important measure for provider reputation. We also
ran robustness checks using the average rating of the
provider in any given month as a measure of reputa-
tion; the results are consistent with the main results
using completion rate (see Online Appendix E).

Tech Jobs. Provider’s technical ability is the portion
of technical jobs in all jobs completed by the provider.
The focal OLM at the time provided 9 broad categories
for projects. We labeled the categories “Websites,”
“Data Entry,” “Engineering and Science,” and “Mobile
computing” as technical jobs. The job categories that
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Table 2. Descriptive Statistics and Correlation Matrix

µ � 1 2 3 4 5 6 7

Developed 0.41 0.49
Exit 0.05 0.22 0.01⇤⇤⇤

Reputation 0.34 0.38 �0.02⇤⇤⇤ �0.09⇤⇤⇤

Won Projects 0.48 1.92 �0.10⇤⇤⇤ �0.04⇤⇤⇤ 0.12⇤⇤⇤

Cmp Projects 0.25 1.34 �0.08⇤⇤⇤ �0.04⇤⇤⇤ 0.15⇤⇤⇤ 0.94⇤⇤⇤

Earning 68.03 424.48 �0.07⇤⇤⇤ �0.03⇤⇤⇤ 0.12⇤⇤⇤ 0.48⇤⇤⇤ 0.46⇤⇤⇤

XRate 0.28 0.33 0.90⇤⇤⇤ 0.01⇤⇤⇤ �0.01⇤⇤⇤ �0.09⇤⇤⇤ �0.08⇤⇤⇤ �0.07⇤⇤⇤

Tech Jobs 0.57 0.43 �0.15⇤⇤⇤ �0.01⇤⇤⇤ �0.03⇤⇤⇤ 0.00⇤⇤ �0.01⇤⇤⇤ 0.03⇤⇤⇤ �0.15⇤⇤⇤

⇤p < 0.05; ⇤⇤p < 0.01; ⇤⇤⇤p < 0.001.

were not considered to be technical included “Writ-
ing,” “Design,” “Sales and Marketing,” “Business,
Accounting, HR, Legal,” and “Product Sourcing and
Manufacturing.” Considering the literature on cultural
differences in OLM, our expectation is that projects
in technical jobs will be subject to a lesser degree of
intercultural barriers (Scholz and Haas 2011, Hong and
Pavlou 2017). Tech Jobs as a control variable is continu-
ous; Online Appendix J presents details for a split sam-
ple analysis based on this variable as further evidence.

In our time-variant survival model, many control
variables (Won Projects, Completed Projects) and other
provider-level variables evolve over time. They reflect
and effectively control for changes in the providers’
quality over time.

Online Appendix B provides more insights into the
evolution of market participation by presenting de-
scriptive evidence of the number of providers and
earnings.

4.2. Analysis
We estimate three models to evaluate provider survival
in the OLM (the inverse of “exit”): (1) a logistic regres-
sion model, (2) a linear probability model, and (3) a
time-variant Cox proportional hazards survival model.
The first two models focus on a binary exit event as
the dependent variable. We expand on these two basic
analyses by investigating the duration of survival in the
market with the third model. The first two models form
a baseline, and the survival model expands on this
baseline by investigating our focal variable of interest—
survival/hazard probability. Congruent findings from
all three models present strong confirmation of our
hypotheses.
4.2.1. Baseline Results from Logistic Regression.
First, we use a logistic regression model to estimate
the effect of our key independent variables on IT pro-
vider survival. Logistic regression is a commonly used
approach to estimate binary outcome variables. The
logistic regression model estimates the probability of
a binary event conditional on a vector of independent
variables. The model is useful in the case of binary
variables as the probability is constrained between 0

and 1. For this analysis, we created a cross-sectional
data set, having one observation for each provider for
the entire observation period. The same data set is also
used in linear probability models. Because of the cross-
sectional nature of these models, it is not possible to
control for individual-level fixed effects. We caution the
readers to keep in mind that this cross-sectional data
set, while being generated from the same data set, is
not the exact same data set presented in Table 2.

We used R’s glm function to estimate logistic regres-
sion models (R Core Team 2014). Table 3 reports the
parameter estimates, odds ratios, relevant statistics,
and model fit indices for the logistic regression with
registration year-month fixed effects that controls for
when the engagement with the OLM started. In esti-
mating the logistic model, we iteratively added our
variables of interest to the model in the order of our
hypotheses. As the results were consistent across mod-
els and likelihood ratio tests indicated that each model
was an improvement over the previous model in terms
of variance explained (model fit) the use of Model 4
was acceptable. Furthermore, we ran the models with
year-month-date level fixed effects as a robustness
check and the results were consistent across all mod-
els in terms of the sign and the statistical significance
of the parameter estimates. Equation (1) shows the
Model 4 for logistic regression. With this equation, the
model estimates a provider i’s probability to drop out
(inverse of survival) of this OLM (three months of inac-
tivity) given a vector of covariates Xi , controlling for the
time of registration t. Other control variables included
in this model are won projects, completed projects, and
proportion of technical jobs in portfolio

p(yit ⇤ 1 | x)⇤ eX�+↵t+eit

1+ eX�+↵t+eit
, (1)

where Xi ⇤ (Developedi , Reputationi , Reputationi ⇥ De-
velopedi , Earningi , Earningi ⇥XRatei , Controls).

The model is significant at the 0.001 level accord-
ing to the Model �2 test statistic and the explanatory
variables explained 0.222 of the variance according to
McFadden’s pseudo R2. Key variables of interest are
all significant at the p < 0.05 level. The baseline results
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Table 3. Logistic Regression Results

Model 1 Model 2 Model 3 Model 4

Developed 0.461 (0.023)⇤⇤⇤ 0.338 (0.030)⇤⇤⇤ 0.397 (0.061)⇤⇤⇤
Reputation �1.920 (0.043)⇤⇤⇤ �1.793 (0.043)⇤⇤⇤
Developed⇥Reputation 0.684 (0.062)⇤⇤⇤ 0.610 (0.062)⇤⇤⇤
Earning �0.003 (0.000)⇤⇤⇤
XRate �0.127 (0.087)
Earning⇥XRate 0.003 (0.000)⇤⇤⇤

Intercept 1.109 (0.261)⇤⇤⇤ 0.807 (0.262)⇤⇤ 1.074 (0.265)⇤⇤⇤ 1.056 (0.264)⇤⇤⇤
Won Projects 0.206 (0.018)⇤⇤⇤ 0.208 (0.018)⇤⇤⇤ 0.085 (0.017)⇤⇤⇤ 0.194 (0.020)⇤⇤⇤
Comp Projects �1.381 (0.062)⇤⇤⇤ �1.370 (0.062)⇤⇤⇤ �0.715 (0.057)⇤⇤⇤ �0.668 (0.060)⇤⇤⇤
TechJobs �0.171 (0.024)⇤⇤⇤ �0.085 (0.024)⇤⇤⇤ �0.115 (0.026)⇤⇤⇤ �0.095 (0.026)⇤⇤⇤

McFadden R2 0.162 0.170 0.217 0.222
AIC 49,613.377 49,206.926 46,422.562 46,087.703
Log likelihood �24,723.689 �24,519.463 �23,125.281 �22,954.852
Deviance 49,447.377 49,038.926 46,250.562 45,909.703
Num. obs. 44,021 44,021 44,021 44,021

⇤p < 0.05; ⇤⇤p < 0.01; ⇤⇤⇤p < 0.001.

confirm our hypothesized relationships. The logistic
regression results with time fixed effects provide evi-
dence on the dependent variable “Exit” without fur-
ther information on the providers’ duration of stay in
the market, which we analyze in Section 4.2.3 with a
time-variant Cox proportional hazard survival model.

4.2.2. Linear Probability Models. While logistic re-
gression is a robust model as a baseline, the difficul-
ties inherent in interpreting interaction terms of logis-
tic regression are well documented (Ai and Norton
2003). The linear probability models provide an alter-
native that is easier to interpret than logit and pro-
bit models (Greenwood and Agarwal 2016). While the
consistency and biases in Linear Probability Model
(LPM) estimates have been noted (Horrace and Oaxaca
2006), it is well known that with large sample sizes,
such as ours, the results are qualitatively identical

Table 4. Linear Probability Model Results

Model 1 Model 2 Model 3 Model 4

Developed 0.0877 (0.0044)⇤⇤⇤ 0.0533 (0.0051)⇤⇤⇤ 0.0631 (0.0106)⇤⇤⇤
Reputation �0.4230 (0.0081)⇤⇤⇤ �0.3985 (0.0082)⇤⇤⇤
Developed⇥Reputation 0.1816 (0.0117)⇤⇤⇤ 0.1669 (0.0117)⇤⇤⇤
Earning �0.0005 (0.0000)⇤⇤⇤
XRate �0.0208 (0.0153)
Earning⇥Xrate 0.0004 (0.0000)⇤⇤⇤

Intercept 0.7480 (0.0513)⇤⇤⇤ 0.6885 (0.0512)⇤⇤⇤ 0.7457 (0.0493)⇤⇤⇤ 0.7432 (0.0491)⇤⇤⇤
Registration Month FE Yes Yes Yes Yes
Won Projects 0.0361 (0.0031)⇤⇤⇤ 0.0363 (0.0030)⇤⇤⇤ 0.0167 (0.0030)⇤⇤⇤ 0.0338 (0.0031)⇤⇤⇤
Comp Projects �0.2329 (0.0088)⇤⇤⇤ �0.2296 (0.0088)⇤⇤⇤ �0.1320 (0.0086)⇤⇤⇤ �0.1165 (0.0086)⇤⇤⇤
TechJobs �0.0326 (0.0047)⇤⇤⇤ �0.0160 (0.0048)⇤⇤⇤ �0.0208 (0.0046)⇤⇤⇤ �0.0175 (0.0046)⇤⇤⇤

R2 0.1662 0.1738 0.2339 0.2413
Adj. R2 0.1646 0.1722 0.2324 0.2398
Num. obs. 42,994 42,994 42,994 42,994
RMSE 0.4439 0.4419 0.4255 0.4235

⇤p < 0.05; ⇤⇤p < 0.01; ⇤⇤⇤p < 0.001.

across models (Gordon et al. 1994). While out of bound
predictions are often touted as a downside of LPM,
this is not a problem for marginal effects estimates
(Wooldridge 2002, p. 455). Our results show that less
than 3% of predicted probabilities were out of bounds
of [0, 1]. We dropped these out-of-bound observations
and reestimated the models to reduce biases noted in
previous literature (Horrace and Oaxaca 2006). This
reduced our final sample size to 44,021. Table 4 pro-
vides the results of LPM estimates obtained after drop-
ping the 3% observations. The dependent variable for
this model is probability to exit the market. Note that
all models yield comparable results.

Because of different assumptions of the two mod-
els, a direct comparison of logistic regression and LPM
results is not viable. It is, however, evident that the
results of the LPM are consistent with logistic regres-
sion analysis in terms of direction and relative effect
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Table 5. LPM Coefficients Compared with Logit
Marginal Effects

LPM Logit ME

Developed 0.063 0.070
Reputation �0.399 �0.314
Developed⇥Reputation 0.167 0.107
Earning �0.001 0.000
XRate �0.021 �0.022
Earning⇥XRate 0.000 0.000
Won Projects 0.034 0.034
Comp Projects �0.117 �0.117
TechJobs �0.018 �0.017

sizes. Table 5 presents the LPM coefficient estimates
and logistic regression average of sample marginal
effects obtained by bootstrapping (Fernihough 2011)
side-by-side.

4.2.3. Time-Variant Survival Analysis. A shortcoming
of logistic regression and linear probability analyses is
that these methods do not take into account the dura-
tion of the active period when the providers have not
exited the market. Furthermore, these methods do not
take right censoring into account. The survival mod-
els provide natural remedies for such shortcomings.
Hence, we restructure and analyze the data using a
survival analysis as our main analysis. For the sur-
vival analysis, we used the Cox proportional hazards
model for estimation (Cox 1972). Compared with other
survival models, the Cox proportional hazards model
stands out as having fewer assumptions on the under-
lying survival distribution, and being robust under a
wider variety of conditions.

Survival analysis estimates the probability of a sub-
ject experiencing the event (exit market) at each obser-
vation point conditional on the independent variables,
given that the subject survived so far. The advantage of

Figure 1. (Color online) Illustration of Survival Data with Lifelines for Six-Month Cutoff
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the Cox proportional hazards model over the logistic
regression model is that it takes into account informa-
tion on the duration to exit. The specific estimation
approach we used in this study allows for time-variant
covariates. Hence, we aggregated data into monthly
periods and estimated service providers’ market exit
probability at the end of each period.

The time-variant Cox proportional hazards model is
an extension of the regular Cox proportional hazards
model (Cox 1972) as discussed in detail by Thomas
and Reyes (2014). The model predicts the probability
of survival given the covariates (Therneau et al. 2016).
The indicator Ni(t) takes the value 1 if the event occurs,
and 0 otherwise. Yi(t) indicates whether the ith subject
is at risk at time t. X are covariates observed over time.
x⇤(t) is a known function specifying values of X over
time. The survival probability is then

Ŝ(t | X(t))⇤ exp
 nX

i⇤1

π t

0

exp{�̂x⇤(u)} dNi(u)P
j Yj(u)exp{�̂Xj(u)}

�
. (2)

In this time-variant survival model, we tackle two
issues to achieve proper econometric identification.
First, right censoring is expected because there may be
observations in the data set that have not yet dropped
out at the end of the observational window. We cre-
ated a censoring variable based on a cutoff of three-
months before the end of the observation period to
address this issue. Figure 1 provides a graphical illus-
tration of the survival data with observations of six
selected providers for a three-month censoring win-
dow. Providers whose last login dates were before
September 22, 2010 (more than three months being
inactive) are depicted in solid shaded bars and are
defined to have dropped out of this labor market.
Providers that have login activities after the cutoff
mark (depicted in striped bars) are assumed to be
active. We analyzed the data using different cutoff
points (e.g., six months before the last observational
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Table 6. Time-Variant Survival Model Results

Model 1 Model 2 Model 3 Model 4

Reputation �0.939 (0.021)⇤⇤⇤ �0.942 (0.021)⇤⇤⇤ �0.941 (0.021)⇤⇤⇤ �1.199 (0.030)⇤⇤⇤
Earning �0.001 (0.000)⇤⇤⇤ �0.001 (0.000)⇤⇤⇤ �0.001 (0.000)⇤⇤⇤ �0.002 (0.000)⇤⇤⇤
Developed 0.094 (0.013)⇤⇤⇤ 0.130 (0.030)⇤⇤⇤ 0.023 (0.031)
XRate �0.060 (0.045) �0.077 (0.045)
Reputation⇥Developed 0.525 (0.041)⇤⇤⇤
Earning⇥XRate 0.002 (0.000)⇤⇤⇤

Won Projects 0.304 (0.009)⇤⇤⇤ 0.307 (0.009)⇤⇤⇤ 0.307 (0.009)⇤⇤⇤ 0.307 (0.009)⇤⇤⇤
Comp Projects �2.874 (0.081)⇤⇤⇤ �2.865 (0.081)⇤⇤⇤ �2.866 (0.081)⇤⇤⇤ �2.821 (0.081)⇤⇤⇤
Tech Jobs �0.093 (0.015)⇤⇤⇤ �0.075 (0.015)⇤⇤⇤ �0.076 (0.015)⇤⇤⇤ �0.075 (0.015)⇤⇤⇤

AIC 440,725.278 440,677.141 440,677.350 440,447.038
R2 0.018 0.018 0.018 0.018
Max. R2 0.611 0.611 0.611 0.611
Num. events 24,221 24,221 24,221 24,221
Num. obs. 475,503 475,503 475,503 475,503

⇤p < 0.05; ⇤⇤p < 0.01; ⇤⇤⇤p < 0.001.

date), and the results are consistent with the three
month cutoff in terms of sign and significance level
of the parameter estimates (see Online Appendix C
for the results). Therefore, we safely conclude that the
results are not sensitive to the cutoff points. Since each
interval is investigated independently, the individual-
level correlations are not an issue for this type of model
(Therneau et al. 2016).9 Second, providers enter the
OLM at different points in time, creating additional
heterogeneity. For example, it is likely that providers
who enter the market early survive longer because of
less intensive competition. The CoxPH model assumes
proportional hazards, and such heterogeneity is a
threat to this assumption (Grambsch and Therneau
1994). We tested for the proportional hazards and
found that our models satisfied this assumption.

Table 6 reports the maximum likelihood coefficient
estimates and hazard ratio estimates of the survival
analysis using a Cox proportional hazards model in R
(Therneau 2014). We added the variables of interest
into the models in the order we present our hypothe-
ses. We started with a model with just the control
variables derived from the literature on OLM. Then,
we integrated the country development level to evalu-
ate Hypothesis 1. We proceeded to add the exchange
rate in the third model, and finally added the hypoth-
esized interactions. The likelihood ratio tests indicate
that each model is a significant improvement over the
previous model. Since the results are qualitatively the
same across the models, we are presenting the esti-
mation results of the full model with all indepen-
dent variables, interaction effects, and the control vari-
ables. Please refer to Equation (2) for the estimation
equation. The model estimates the probability of a
provider i to drop out at time t given that he has not yet
dropped out.

Note that the results of the survival analysis pro-
vide support for our hypotheses. First, the country’s
development level has a significant effect such that the
developing country providers survive a longer period
of time, and the developed country providers survive
a shorter period of time as seen in Model 3. This effect
is moderated by individual reputation (Model 4), thus
lending support to Hypotheses 1 and 3. Second, we
found that while the exchange rate does not have a
direct effect, it moderates the effect of earnings, such
that providers from countries with less valuable cur-
rencies were more likely to survive whereas those
from countries with more valuable currencies were less
likely to survive for the same amount of earnings, sup-
porting Hypotheses 2.

It is usually easier to achieve statistical significance
in large sample analyses such as ours. Therefore, based
on suggestions from recent IS literature (Lin et al.
2013), we also assess the economic significance of the
key determinants using their estimated effect sizes.
As a standard practice (Wooldridge 2002, Angrist and
Pischke 2008), we use predicted probabilities for inter-
pretation. We visualize both the main effects and inter-
action effects in Figures 2 and 3, respectively.

First, we plotted the predicted risk for development
level in Figure 2 by fixing all other variables at mean
levels and manipulating the development level. The
providers from developed countries had a 21% higher
dropout risk than those from developing countries
(Figure 2).

Second, we plotted the predicted risk of hypothe-
sized interaction effects in Figure 3. Plots of reputa-
tion and development level can be seen in Figure 3(a).
At the mean level of reputation (0.33), the predicted
risk of dropping out for developing countries was 0.94,
whereas it was 1.16 for developed countries.
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Figure 2. Country Development
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Figure 3(b) displays the effect of exchange rates for
various income levels. It can be seen that in coun-
tries with less valuable currencies, earnings decrease
the risk of dropping out of the market. On the other
hand, the benefits of earnings were weakened for the
more valuable currencies, and for the few countries
with extremely valuable currencies, earnings increased
the risk of dropout. To clarify with an example, when
all other variables are fixed at mean levels, a provider
earning income in Indian Rupee’s (INR ⇡ 0.01 SDR)
has a predicted dropout risk of 1.02, in American dol-
lars (USD ⇡ 0.66 SDR) the risk will be 1.07, in Kuwaiti
Dinar (KWD ⇡ 2.45 SDR) the risk would be 1.215. The
findings are consistent with the logistic regression and
LPM results. This reversal in effect may reflect the dif-
fering nature of employment in these countries.

Figure 3. Interaction Effects in the Survival Model—Predicted Risk
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4.3. Robustness Checks
In this section, we report a set of additional analy-
ses to evaluate the robustness of our key findings.
Specifically, we report (a) adding additional country-
level variables and (b) coarsened exact matching. These
additional analyses indicate that the results from our
main analyses were robust.10

4.3.1. Adding Additional Country-Level Variables. The
variable “Developed” by itself may be a reflection of
many country-level factors. Below we report estimation
results that include various additional country-level
control variables.11 The data for additional country-
level covariates for this analysis comes from the World
Bank (WB), the World Economic Forum (WEF), and
Melitz and Toubal (2014). TotUnemp is the total unem-
ployment in the country (WB), IServers is the num-
ber of Internet servers in the country (WB). High-
erEd is the education index score of the country from
the World Economic Forum’s Global Competitiveness
Index. CSpokLang is the percentage of the popula-
tion in the focal country speaking English (Melitz and
Toubal 2014).

Table 7 represents a replication of our time-variant
survival analysis with the inclusion of said country-
level variables. Note that the analysis is conducted on
different subsets, depending on the missingness in the
variable; hence the results are not directly compara-
ble. Still, the hypothesized relations remain qualita-
tively unaffected by the inclusion of additional control
variables.
4.3.2. Coarsened Exact Matching. One common prob-
lem with any statistical analysis is model dependence.
One way of getting around this problem is to prepro-
cess the data to reduce model-induced bias. Coarsened
exact matching (CEM) is a method of preprocessing
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Table 7. Country-Level Variables

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Reputation �1.199 (0.030)⇤⇤⇤ �1.202 (0.030)⇤⇤⇤ �1.207 (0.030)⇤⇤⇤ �1.194 (0.030)⇤⇤⇤ �1.205 (0.030)⇤⇤⇤ �1.190 (0.030)⇤⇤⇤
Tech Jobs �0.075 (0.015)⇤⇤⇤ �0.074 (0.015)⇤⇤⇤ �0.074 (0.015)⇤⇤⇤ �0.071 (0.015)⇤⇤⇤ �0.075 (0.015)⇤⇤⇤ �0.070 (0.015)⇤⇤⇤
Developed 0.023 (0.031) 0.022 (0.031) �0.111 (0.049)⇤ �0.177 (0.043)⇤⇤⇤ �0.104 (0.041)⇤ �0.128 (0.053)⇤
Won Prj 0.307 (0.009)⇤⇤⇤ 0.306 (0.009)⇤⇤⇤ 0.306 (0.009)⇤⇤⇤ 0.306 (0.009)⇤⇤⇤ 0.306 (0.009)⇤⇤⇤ 0.304 (0.009)⇤⇤⇤
CompPrj �2.821 (0.081)⇤⇤⇤ �2.818 (0.081)⇤⇤⇤ �2.813 (0.081)⇤⇤⇤ �2.817 (0.081)⇤⇤⇤ �2.810 (0.081)⇤⇤⇤ �2.810 (0.081)⇤⇤⇤
Earning �0.002 (0.000)⇤⇤⇤ �0.002 (0.000)⇤⇤⇤ �0.002 (0.000)⇤⇤⇤ �0.002 (0.000)⇤⇤⇤ �0.002 (0.000)⇤⇤⇤ �0.002 (0.000)⇤⇤⇤
XRate �0.077 (0.045) �0.094 (0.047)⇤ �0.107 (0.046)⇤ �0.055 (0.048) �0.089 (0.046) �0.077 (0.051)
Reputation⇥Developed 0.525 (0.041)⇤⇤⇤ 0.527 (0.041)⇤⇤⇤ 0.535 (0.041)⇤⇤⇤ 0.533 (0.041)⇤⇤⇤ 0.534 (0.041)⇤⇤⇤ 0.522 (0.041)⇤⇤⇤
Earning⇥XRate 0.002 (0.000)⇤⇤⇤ 0.002 (0.000)⇤⇤⇤ 0.002 (0.000)⇤⇤⇤ 0.002 (0.000)⇤⇤⇤ 0.002 (0.000)⇤⇤⇤ 0.002 (0.000)⇤⇤⇤
TotUnemp 0.004 (0.003) 0.008 (0.003)⇤⇤
ln(IServers) 0.025 (0.007)⇤⇤⇤ �0.026 (0.011)⇤
CSpokLang 0.284 (0.041)⇤⇤⇤ 0.283 (0.051)⇤⇤⇤
HigherEd 0.084 (0.017)⇤⇤⇤ 0.062 (0.025)⇤

AIC 440,447.038 440,270.946 440,177.944 438,621.632 439,575.033 437,935.637
R2 0.018 0.018 0.018 0.019 0.018 0.019
Max. R2 0.611 0.611 0.611 0.612 0.612 0.612
Num. events 24,221 24,212 24,208 24,136 24,179 24,103
Num. obs. 475,503 475,402 475,273 473,031 473,994 471,638
Missings 0 101 230 2,472 1,509 3,865

⇤p < 0.05; ⇤⇤p < 0.01; ⇤⇤⇤p < 0.001.

the data to remove any observations that are not closely
matched with another observation differing by a treat-
ment variable (in our case, country development level)
(Iacus et al. 2009). CEM has seen increasing pop-
ularity in the IS research community (Subramanian
and Overby 2016), as matching observations with this
approach significantly reduces model dependence and
bias in estimations. Rather than finding exact matches
(the same values on all variables except for treat-
ment and dependent variables) or matching based on
propensity scores (Dehejia and Wahba 2002), CEM
works by creating bins/ranges in each variable. Values
that are sufficiently close (if not exactly the same) will
fall into the same bin and be classified as a match. Com-
pared to exact matching, CEM discards fewer observa-
tions; hence it is more efficient.

In our study, by matching providers from developed
and developing countries through CEM, we are able
to show that the findings are robust and are not likely
because of either idiosyncrasies of model assumptions
or outlier observations. Another possible benefit of this
approach is the possibility of causal inference under
the assumption of ignorability.

To carry out this complementary analysis, we pre-
processed the data with the CEM package in R (Iacus
et al. 2009). We initially sought to match providers from
developed countries with providers from developing
countries on their bidding on open and sealed bid auc-
tions, number of projects won, number of completed
projects, reputation, registration date, and exchange
rate. We used a k2k matching scheme that made sure
we had an equal number of observations in each strata
from both groups to avoid needing to use weighting
in analysis. The resulting data set had 295,886 monthly

observations and 17,332 exits from the market. Mul-
tivariate imbalance tests suggest that the data set is
not balanced (L ⇤ 0.97, where L ⇤ 0 is perfect bal-
ance, and L ⇤ 1 is perfectly imbalanced) but most of
this imbalance is caused by a single variable–exchange
rate. When the exchange rate was excluded from bal-
ance calculation, the imbalance tests were acceptable
(L ⇤ 0.28). Considering the nature of exchange rate is
that it is highly dependent on the country develop-
ment level and it exhibits limited variation over time,
we excluded exchange rate from the CEM matching
process.

We analyzed the resulting matched data set with time
variant survival models. The results are reported in
Table 8. As can be seen, the results remain qualitatively
unchanged between the full data set and the matched
subset, lending further credibility to our findings.

5. Discussion
In this study, we investigated the joint impact of coun-
try of origin and provider reputation in shaping the
OLM market participation in terms of provider sur-
vival. To our knowledge, our paper is one of the first
studies to investigate geo-economic dynamics of labor
participation in OLMs from a survival standpoint.
Below we discuss the key findings, as well as their
implications for the literature and practice.

Leveraging a unique data set combining a propri-
etary database from a global online labor market and
data from the World Bank and International Monetary
Fund, we first identified several key determinants of
provider’s survival. Note that we found that country
development had an effect on provider survival. The



Kanat, Hong, and Raghu: Surviving in Global Online Labor Markets for IT Services

Information Systems Research, 2018, vol. 29, no. 4, pp. 893–909, © 2018 INFORMS 905

Table 8. Time-Variant Survival Model Results with CEM Sample

Model 1 Model 2 Model 3 Model 4

Reputation �0.794 (0.024)⇤⇤⇤ �0.795 (0.024)⇤⇤⇤ �0.795 (0.024)⇤⇤⇤ �0.952 (0.036)⇤⇤⇤
Won Projects 0.406 (0.011)⇤⇤⇤ 0.407 (0.011)⇤⇤⇤ 0.407 (0.011)⇤⇤⇤ 0.409 (0.011)⇤⇤⇤
Completed Projects �3.032 (0.109)⇤⇤⇤ �3.023 (0.109)⇤⇤⇤ �3.023 (0.109)⇤⇤⇤ �2.957 (0.108)⇤⇤⇤
Earning �0.001 (0.000)⇤⇤⇤ �0.001 (0.000)⇤⇤⇤ �0.001 (0.000)⇤⇤⇤ �0.003 (0.000)⇤⇤⇤
Tech Jobs �0.072 (0.017)⇤⇤⇤ �0.053 (0.017)⇤⇤ �0.053 (0.017)⇤⇤ �0.051 (0.017)⇤⇤
Developed 0.106 (0.015)⇤⇤⇤ 0.098 (0.038)⇤⇤ 0.043 (0.039)
XRate 0.012 (0.057) �0.012 (0.057)
Reputation⇥Developed 0.301 (0.048)⇤⇤⇤
Earning⇥XRate 0.004 (0.000)⇤⇤⇤

AIC 301,027.571 300,982.582 300,984.534 300,871.307
R2 0.014 0.014 0.014 0.014
Max. R2 0.643 0.643 0.643 0.643
Num. events 17,332 17,332 17,332 17,332
Num. obs. 295,886 295,886 295,886 295,886

⇤p < 0.05; ⇤⇤p < 0.01; ⇤⇤⇤p < 0.001.

providers from developing countries who had a com-
parative cost advantage were more likely to survive.
On the other hand, country development also provides
an image-based signal that could affect providers’ sur-
vival.12 Our results also revealed that providers from
developing countries benefited more from a better
individual reputation. Once providers from develop-
ing countries overcome the initial perception of having
low quality by establishing a solid reputation, they are
more likely to survive in OLMs.

5.1. Implications
This paper provides important implications for both
theory and practice. In terms of theoretical implica-
tions, this study advances multiple streams of litera-
ture. First, this study advances the understanding of
provider (seller) survival in online markets. It has been
shown that reputation (Banker et al. 2011) and organi-
zational capabilities (Wang et al. 2011) are important
for online providers’ (or sellers’) survival and success.
Additionally, it is important to note the differences in
the impact of internationalization on provider survival
and growth (please refer to Online Appendix K for
supplementary evidence on earning growth) (Sapienza
et al. 2006). This study contributes to the literature by
investigating the interplay between development level
and provider reputation. We found that reputational
benefit is more salient for providers from developing
countries.

Second, this study also relates to the emerging IS
literature on OLM. While most of the current studies
on OLM focus on the outsourcing employers’ hiring
choices by examining the factors that determine which
provider receives a contract (Malone and Laubacher
1999, Banker and Hwang 2008, Tambe and Hitt 2010,
Scholz and Haas 2011, Hong and Pavlou 2017, Moreno
and Terwiesch 2014), we focus on provider survival.
Utilizing a proprietary data set, we were able to iden-
tify the key determinants of the provider’s survival in

online labor markets. Our findings dispel some com-
mon misconceptions, while at the same time shedding
light on the evolution of market participation.

Third, our findings support and extend the litera-
ture that challenges the well-known flat world hypoth-
esis (Gerth and Rothman 2007, Gefen and Carmel 2008,
Hong and Pavlou 2017). Mithas and Whitaker (2007)
and Tambe and Hitt (2012) have shown that not all
jobs were impacted the same way by this flat world
phenomena. Beyond the job requirements, the previ-
ous literature has identified language, cultural simi-
larities, and distance as factors that influence interna-
tional competition beyond just cost advantages (Han
1989, Mill 2011, Ghani et al. 2014). We extended this
literature by examining country development level as a
significant predictor of international competition. Our
results complement the findings that the employers in
OLMs consider the development level of the providers’
country of origin in their hiring decisions (Hong and
Pavlou 2017).

Finally, this study also contributes to online reputa-
tion and reputation transfer in the IS literature. Pre-
vious studies on reputation in online markets have
mainly focused on individual firms’ or individual
providers’ reputation in a marketplace, such as Ama-
zon (Mudambi and Schuff 2010), eBay (Dimoka et al.
2012), online labor markets (Banker and Hwang 2008,
Yoganarasimhan 2013), etc. Emerging literature has
begun to study transference of reputation for a sin-
gle provider over multiple job categories (Kokkodis
2014). Han (1989) has found that the country’s rep-
utation was implicit in evaluations of products. We
extended the literature on online reputation by bring-
ing country effects into the equation. Our investiga-
tion revealed that country reputation can spill over
to providers, especially when the providers have not
established a stellar reputation in a platform. The
moderating effect of individual reputation indicated
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that providers from developing countries benefited
more from a better individual reputation. Therefore,
to some extent, the reputation systems correct the
endowed disadvantages of providers from developing
countries.

The practical implications of our study will be of
interest to different stakeholders of online labor mar-
kets: platform owners, employers, and providers. First,
we observe that providers from developed countries
are less likely to flourish in OLMs. The developing
country providers can earn a living and perhaps build
a career in OLMs, but OLMs are not as favorable to
developed country providers. Yet, we still see contin-
ued participation from developed country providers,
even in job categories dominated by developing coun-
try providers. Furthermore, inexperienced providers
from developed countries have a slight advantage over
similar providers in the developing world, as they are
perceived to be of higher quality. This observation sug-
gests OLM may serve different roles for developed
and developing country providers. As found in the
context of open source projects, providers may use
OLM performance as a signaling mechanism in tra-
ditional labor markets (Roberts et al. 2006). As such,
OLMs may want to consider targeting inexperienced
and less experienced providers from developed coun-
tries as a way to diversify their portfolio of providers.
Additionally, OLMs can help these providers stay in
the market by helping them get started with provid-
ing services, which later may enable them to signal
quality for full-time opportunities. Our findings on
country-level reputations indicate that employers care
about providers’ location, and the platform owners
should make this information more prominent when
displaying the bids. Despite our findings that suggest
provider selection decisions may be the result of a
broad selection of criteria that may not necessarily be in
the control of the provider, providers can still improve
their chances of survival by offering better services to
enhance their reputation.

5.2. Limitations and Suggestions for
Future Research

This study has several limitations, which opens up op-
portunities for future research.

First, our results indicate that the providers from
developed countries are at a serious disadvantage in
survival, yet we still see a significant number of active
providers from these countries (Online Appendix B).
We observe developing and developed countries do
different types of jobs on OLMs. Sixty percent of all jobs
completed by developing country providers were tech-
nical, whereas the same figure for developed country
developers was 45%. We believe there may be project
types and specialized niches where providers from
developed countries may still have an advantage, espe-
cially in segments such as writing and design where

cultural and linguistic differences create nonnegligi-
ble transaction costs (Section 4.3.1). While this ques-
tion is outside the scope of the current research, future
research is needed to better understand how these
providers continue to survive despite the inherent dis-
advantages that they face.

Second, in our study, we interpret exit as a failure on
the OLM’s part to retain the provider by providing an
attractive enough work environment. Hence, whether
the provider exits because of finding full-time employ-
ment in the traditional labor market, or not earning
enough to justify their presence in the market, we treat
it the same. Some providers may exit because of being
successful rather than being unable to survive. To lay
to rest any lingering concerns with regards to exit,
we conducted additional robustness checks excluding
providers successful prior to their exit from analy-
sis. The results of robustness checks (please refer to
Online Appendix G) reveal that the results are consis-
tent across the complete data set, just the unsuccess-
ful providers, and just the successful providers. One
interesting hypothesis for future research is that the
providers from developing countries may see OLMs
as a replacement for traditional employment, whereas
providers from developed countries may see it as
complementary employment or as a learning oppor-
tunity, a stepping stone to a better job (Singh and
Tan 2010).

Third, our study primarily focused on country devel-
opment level as one important geo-economic indicator.
While we tried to control for other variables such as
unemployment rate, the availability of data made our
inquiry cursory at best. Future research could extend
the study by looking at other aspects, such as local eco-
nomic conditions (unemployment rate) or local busi-
ness patterns to examine how offline economic charac-
teristics would affect the supply and demand in OLM.
Also, while we investigate some measures of country
of origin, there are other dimensions such as language,
culture, and time zones, which are beyond the scope
of our geo-economic perspective. Despite the compre-
hensive nature of our research, we believe it would
be beneficial for future research to take some of these
aspects of OLMs into consideration.

Finally, our study has squarely focused on sur-
vival. This allowed us to provide an alternative per-
spective to prior work, such as hiring preferences, as
we provide different insights into biases developed/
developing countries identified in the literature (Mill
2011, Agrawal et al. 2016, Hong and Pavlou 2017).
Survival is not the only important measure in OLM,
and future research could look at other understudied
dimensions, such as the total revenue generated and
provider project completion. Such research would be
valuable in addressing gaps in current OLM research.
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6. Concluding Remarks
Information technology and, more specifically, plat-
form technologies and other related business models
(Parker and Van Alstyne 2005, Eisenmann et al. 2006),
have been leading a shift toward a higher reliance
on markets rather than hierarchies to coordinate eco-
nomic activities (Malone et al. 1987). As Malone and
Laubacher (1999) correctly predicted over a decade
ago, the “e-lance” economy has taken off in recent years
and millions of providers are competing on global
online labor markets. A successful and healthy labor
market relies on the survival and success of market par-
ticipants, and in particular, a healthy supply of high-
quality labor. Leveraging a unique data set composed
of proprietary data from a global online labor market
matched with a number of publicly available archival
data sources, we provide a first effort to identify the
key determinants of providers’ survival to uncover the
underlying mechanisms. Our study calls for a deeper
understanding of online labor in the platform econ-
omy (Parker et al. 2016), and how providers in different
countries could build their competitive advantage to
survive.
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Endnotes
1 We refer to IT service providers as “providers” in this paper.
2 In this paper, we use development level to refer to the World Bank
classification of countries as developed and developing countries.
The exact criteria is discussed in Section 4.1. We checked the robust-
ness of the results with continuous PPP-adjusted GDP per capita
data and the results are consistent (Online Appendix D).
3 Note that the scope of this research is individual service providers.
These entities are quite different from the application service
providers depicted in traditional outsourcing research that focus on
firms (Susarla et al. 2003). To alleviate any concerns that our results
are confounded by having firms among our service providers we
took a multitude of steps that are discussed in Online Appendix H.
4 The developing country economies will have higher productivity
growth, yet the wage growth may end up being lower. Depend-
ing on the exchange rate policy, either the prices (fixed rate) or the
exchange rate (floating rate) will appreciate, which leads to exchange
rate differentials.
5 Note that our arguments do not take into account the differences
in horizontal versus vertical differentiation, which may also affect
product quality perceptions.
6 Because of a nondisclosure agreement with the corporate partner,
we are not able to disclose the name of the OLM platform. We herein
refer to this focal OLM as “the partner OLM” or “the OLM.”
7 At the time of data collection, we were unable to observe the inter-
mittent login information. Therefore, we base our duration figures
on registration and last login dates.

8 The database can be found at http://www.ip2location.com/data
bases.
9 Unfortunately, this also means events that are uniform across sub-
jects in a given time period (such as economic crises) cannot be esti-
mated with this kind of model. Since our observation period covers
the 2008 economic crisis, we demonstrate robustness of our results
to this major shock. See Online Appendix I for the results.
10 Besides the three main robustness checks, we have provided
numerous additional robustness checks in the online appendices.
11 Note that we left these variables out of the main analysis because of
some missingness of country-level variables primarily concentrated
in developing countries. Introducing this type of missingness may
potentially bias the results by excluding the developing countries
systematically. We have also found that these country-level variables
are highly correlated with each other and also with the variable
Developed, which likely have led to multicollinearity and is responsi-
ble for the negative signs of the variable Developed in Models (3)–(6)
of Table 7.
12 We also found that there were spillover reputation effects between
the providers from the same country (see Online Appendix F for
more insights).
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