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ABSTRACT 

Labor market matching has significant economic and social impacts since a low 

matching efficiency/quality reduces aggregated gains in productivity and wages and may 

lead to unemployment and job vacancy. IT has played a crucial role in influencing labor 

markets matching by reducing search costs, lowering enter barriers, and promoting 

flexibility. In this dissertation, I explore one antecedent (i.e., digital labor markets) and 

two consequences of labor market matching (i.e., local employment and wage). The first 

essay examines the role of project descriptions (i.e., codifiability, flexibility, outcome 

standards) in influencing the matching efficiency in the digital labor markets. The results 

find that an appropriate project description could improve the matching efficiency by 

15% between employers and service providers. The second essay studies the impact of an 

extension in the Optional Practical Training (OPT) program (STEM OPT), an 

immigration policy that matches local demand with global supply, on local labor markets. 

I found that the STEM OPT extension boosts employment for domestic IT professionals 

by promoting innovative and entrepreneurial activities. The third essay studies the impact 

of an emerging gig platform (i.e., TaskRabbit), a new matching mechanism, on the 

employment of workers in the housekeeping industry. The results suggest that the 

platform mostly impacted middle-level management (e.g., first-line supervisors), while 

the manual workers, such as cleaners and janitors, were not as affected. The contributions 

and implications of each essay are discussed.  
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CHAPTER 1 

INTRODUCTION 

Labor market matching has significant economic and social impacts since a low 

matching efficiency reduces aggregated gains in productivity and wages (e.g., Autor 

2001, Guasch et al. 2008). Prior study showed that labor mismatch is one major reason of 

unemployment, job vacancy, and job unsatisfaction (e.g., Handel 2003). IT has played a 

crucial role in facilitating labor markets matching by reducing search costs (e.g., Horton 

2010), lowering enter barrier (Hong et al. 2015), and promoting work flexibility (e.g., 

Gordon 2018). For instance, the digital labor markets provide extensive filtering and 

sorting tools, which enable employers and service providers to find each other easier 

(Horton 2010). However, these online labor markets are still in the early stage and many 

design problems still need to be further explored. At the same time, it is still not clear on 

the economic and social impacts of these newly developed matching mechanism. In this 

dissertation, I focus on discovering the effects of digital labor platforms (e.g., freelancer, 

Upwork, TaskRabbit, etc.) on labor markets matching and the effects of different labor 

matching mechanisms (e.g., online matching that without face-to-face communication 

opportunities, immigration policy) on the broader labor market outcomes and the 

economy around them. Figure 1 presents the detailed research framework of the 

dissertation. The following paragraphs introduce the three essays briefly. 

In the first essay, I examine how the presence and quality of textual information 

provided in the project description of the “Call for Bids" (CFB) influence matching 

efficiency in the context of online labor markets. One of the most significant challenges 

faced by online labor markets is how to increase matching efficiency, i.e., the efficiency 



 2 

with which service providers are matched with employers (e.g., Autor 2001). While the 

majority of the prior literature examine the matching efficiency issues from the supply-

side factors, such as service providers’ reputation and work experience (e.g., 

Yoganarasimhan 2013, Hong and Pavlou 2017), this study focuses on the role of 

demand-side factors—project descriptions in CFBs. A project description serves as a 

contract created by the employer to solicit bids from service providers. It often contains 

rich project information including the required procedures, deliverables, acceptable 

standards, and flexibility provisions of the requested project, which play a significant role 

in affecting matching efficiency. The main goals of this study are to quantify the key 

dimensions of project descriptions and to theorize and empirically test their effects on 

matching efficiency (whether a contract is awarded by an employer to a service provider).  

Figure 1.1. Dissertation Framework 

 

Drawing from transaction cost economics (Williamson 1979, 1987), we focus on 

exchange hazards and corresponding safeguarding contract structures in the focal context 

of online labor markets. Specifically, we focus on three key dimensions of project 

description—codifiability, flexibility, and outcome standards. Empirically, I collected the 

data from one of the largest online labor platforms—freelancer.com. First, I use content 



 3 

analyses and matching learning approach (i.e., Doc2Vec) to extract the measurements of 

the three dimensions of project description from unstructured textual information. 

Second, I examine the role of these three key dimensions of project descriptions in 

matching efficiency using a series of econometric specifications (e.g., Coarsened Exact 

Matching, Instrumental Variables). Third, I theorized the mediating role of three bid 

characteristics—number, average price, and the average quality of bids and test the 

effects using Bayesian mediation analysis. To complement the empirical analyses, I 

further conducted an experiment on Amazon Mechanical Turk by randomizing the key 

dimensions (codifiability, flexibility, outcome standards) of project descriptions and 

exploring the service providers’ bidding behavior. First, I find that codifiability is 

positively associated with matching efficiency by reducing the number of bids; second, 

flexibility is negatively associated with matching efficiency by increasing the average 

price of bids; third, outcome standards are positively associated with matching efficiency 

by reducing the number of bids while improving the average quality of bids. This study 

contributes to the online labor markets literature by examining the textual content of 

CFBs. It also contributes to contract design in the IT outsourcing literature by enhancing 

matching efficiency in online labor markets.  

In the second essay, I examine the effects of a immigration policy—an extension 

in the Optional Practical Training (OPT) program for foreign students in science, 

technology, engineering and mathematics (STEM) majors—on the employment of local 

labor markets. OPT is a temporary employment program that allows foreign students 

with F-1 student visas to work in the U.S. after completing their academic studies, so that 
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they can get practical training related to their field of study.1 Before 2008, eligible 

foreign students could apply for up to 12 months of OPT employment authorization. In 

2008, this temporary employment period was extended to 29-month for foreign students 

in STEM-related majors and was further extended to 36-month in 2016. The STEM OPT 

extension policy, which provides flexibility for foreign students to work in the U.S. and 

thus increases the supply of foreign high-skilled workers, is likely to significantly 

influence local labor markets. The goals of this study are (1) the effects of the OPT 

extension on the number and wage of domestic workers in STEM occupations and (2) the 

different effects cross IT and non-IT STEM occupations. Build upon labor economics 

(Boh et al. 2007, Borjas 1989, Friedberg and Hunt 1995) and unique characteristics of IT 

occupations (), I propose two opposing effects—substitution and complementarity—of 

the STEM OPT extension, an exogenous shock that increases the number of foreign 

STEM workers, on the employment of domestic workers.  

Empirically, I examine the effects using a novel and rich dataset that is merged 

from several sources and use a difference-in-differences model to bring identification. 

The results demonstrate that an increase in the supply of foreign IT professionals as a 

result of the OPT extension boosts employment for domestic IT professionals through 

innovations and entrepreneur activities. The unique characteristics of IT skills 

differentiate the impacts of STEM OPT extension on IT occupations from non-IT STEM 

occupations. In addition, the results present that the effect of the STEM OPT extension is 

heterogeneous by regional (e.g., sanctuary jurisdictions) and occupational characteristics 

 
1 For more information about OPT, please refer to the USCIS website: https://www.uscis.gov/opt (accessed March 26, 
2019). 
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(e.g., skill content). This study contributes to the information systems, labor economics, 

and public policy literature by quantifying the impacts of a policy change on the supply 

and return of IT professionals and provides rich implications for policymakers. 

In the third essay, I study the effects of a gig economy platform (e.g., TaskRabbit) 

on local employment in the housekeeping industry. The rise of gig platforms (e.g., Uber, 

TaskRabbit) has facilitated the shift from permanent to on-demand employment and 

matching of labor to employers from offline to online settings (Kuhn 2016). Gig 

platforms connect service providers directly with customers in a seamless manner via the 

Internet or mobile apps (Zervas et al. 2015, Fang et al. 2016). TaskRabbit is one of the 

earliest and largest gig platforms in the United States that matches freelancers with local 

housekeeping demand, such as housekeeping, cleaning, and moving. Drawing on Skill-

Biased Technical Change and digital platforms theory, I theorized the impacts of gig 

platforms on local employment in the housekeeping industry. Specifically, I examine (1) 

the effects of TaskRabbit on the number of workers in the housekeeping industry, and (2) 

how the effects vary across workers with different skills (e.g. cognitive (or middle-

skilled) vs manual (or low-skilled) workers). Empirically, I identify the effects exploiting 

the staggered expansion pattern of TaskRabbit (a gig platform that matches freelance 

labor to local demand for everyday tasks) into US counties at different times. The 

difference-in-differences estimate shows a disproportionate decrease in full-time 

housekeeping employment in TaskRabbit-operated areas. The decline is mainly driven by 

cognitive (middle-skilled) workers (i.e., managers) instead of manual (low-skilled) 

workers (i.e., janitors). Additional evidence implies that gig platforms may not crowd out 

workers but rather they incubate local entrepreneurship through additional self-
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employment. This study contributes to the emerging literature on the broader impact of 

the gig economy on online labor markets by offering comprehensive and robust empirical 

evidence on whether, how, and why gig platforms affect local labor markets and 

redistribute employment by skills.  
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CHAPTER 2 

ESSAY1: ENHANCING THE “CALL FOR BIDS” TO IMPROVE MATCHING 

EFFICIENCY IN ONLINE LABOR MARKETS:  

CAPTURING THE MEANING OF UNSTRUCTURED TEXTUAL CONTENT 

WITH MACHINE LEARNING  

 
ABSTRACT 

To improve matching efficiency in online labor markets, we seek to enhance the 

project description in the “Call for Bids” (CFB), which describes the services requested by 

employers. Based on transaction cost economics, we summarize and identify three key 

dimensions of project descriptions: (a) codifiability (provisions about detailed procedures), 

(b) flexibility (provisions about renegotiation opportunities), and (c) outcome standards 

(provisions about outcome standards). We first use machine learning to capture these three 

dimensions from the unstructured textual information. Second, we examine the role of 

these three key dimensions of project descriptions in matching efficiency using archival 

data from an online labor market using a series of econometric specifications. The 

mediating role of bid characteristics (i.e., number, average price, and average price of bids) 

is further examined using Bayesian mediation analysis and a randomized online 

experiment. Findings suggest that, first, codifiability is positively associated with matching 

efficiency by reducing the number of bids; second, flexibility is negatively associated with 

matching efficiency by increasing the average price of bids; third, outcome standards are 

positively associated with matching efficiency by reducing the number of bids while 

improving the average quality of bids. Our study contributes to the online labor markets 

literature by examining the textual content of CFBs. It also contributes to contract design 
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in the IT outsourcing literature by specifying normative standards to enhance matching 

efficiency in online labor markets. Practical implications are discussed.   

2.1 Introduction 

Online labor markets (e.g., Upwork, Freelancer) have fundamentally altered how 

service providers find work and employers hire service providers. These markets serve as 

intermediaries to connect employers with service providers. By 2019, more than 57 

million Americans had participated in the “freelance” or “gig” economy, accounting for 

about 38% of the total workforce and creating more than $1 trillion in revenues.2 One of 

the most significant challenges faced by online labor markets is how to increase matching 

efficiency, i.e., the efficiency with which service providers are matched with employers 

(e.g., Autor 2001). The literature has shown that more than 60% of projects fail to reach a 

contract (Carr 2003, Snir and Hitt 2003, Zheng et al. 2015). In practice, employers incur 

the cost and effort of posting projects and evaluating bids, while service providers incur 

the cost of reviewing projects requirements and providing their bids (Snir and Hitt 2003). 

When a project fails to reach a contract with a service provider, it is a waste of time and 

effort for both the employer who posted the project and the service providers who bid on 

the project. Given the scale of online labor markets, matching efficiency between 

employers and service providers has significant economic and social effects, as a low 

matching efficiency reduces aggregated gains in productivity and wages, which can lead 

to lower Pareto improvements (Autor 2001, Guasch et al. 2008). Notably, the success and 

sustainability of online platforms depends on how efficiently employers can match with 

appropriate service providers. For example, Freelancer.com, one of the largest online labor 

 
2 https://www.freelancersunion.org/ 



 9 

platforms, takes 13% of payments for matched projects as a “finder’s fee,” which is the 

main revenue of the platform. Accordingly, it is important to examine how to enhance the 

matching efficiency of online labor markets.  

In online labor markets, low matching efficiency typically arises from two primary 

reasons: (1) employers are uncertain about service providers’ qualifications since they 

cannot exhaustively screen and negotiate with all service providers, and (2) service 

providers are uncertain about projects’ requirements because of lack of complete 

information (Snir and Hitt 2003, Hong et al. 2015). Most prior literature on online labor 

markets focuses on the former, i.e., how signals reduce employers’ uncertainty regarding 

service providers, such as service providers’ reputation (Yoganarasimhan 2013, Moreno 

and Terwiesch 2014) and work experience (Agrawal et al. 2016). In contrast, this study 

focuses on the latter by examining how the presence and quality of textual information 

provided in the project description of the Call for Bids (CFB) affect service providers’ 

uncertainty about the project, thus affecting matching efficiency.  

A project description serves as a contract created by the employer to solicit bids 

from service providers. As a project description often contains rich information about the 

project, including the required procedures, deliverables, acceptable standards, and 

flexibility provisions, project descriptions play a significant role in affecting matching 

efficiency from two key perspectives. First, the content of project descriptions is important 

for service providers to learn the detailed project requirements, assess the transactional 

risks of the project, decide whether or not to bid on the project, and if so, determine the bid 

price. In contrast, poorly-written project descriptions elicit uncertainty, posing difficulty for 

service providers to evaluate and predict how the project is to be executed. It is important 



 10 

to identify the dimensions of project descriptions that could efficiently reduce service 

providers’ uncertainty about project requirements, thus facilitating matching. Second, 

different project descriptions may attract different service providers to bid on the project 

(thereby affecting the total number of bids, the average the bid prices, and the average 

quality of bids), which in turn would affect the employers’ hiring decisions. In online labor 

markets, which typically utilize a reverse auction mechanism, a match is formed based on 

mutual selection (Horton 2010, Gong 2016). After service providers bid on a project, 

employers can either select a winner from the pool of service providers who have placed 

bids to complete the project, or choose not to award any winner. While the literature has 

examined the role of bid characteristics on matching outcomes (e.g., Carr 2003, Snir and 

Hitt 2003), it is unclear how project descriptions affect these bid characteristics (e.g., 

number of bids, average price of bids, and average quality of bids), which in turn may 

affect matching efficiency. 

The main goals of our study are to quantify the key dimensions of project 

descriptions and to theorize and empirically test their effects on matching efficiency 

(whether a contract is awarded by an employer to a service provider). To measure 

matching efficiency, we define contract award as a binary variable indicating whether a 

project was awarded to a service provider’s bid. We define description uncertainty as the 

extent to which service providers cannot assess the procedures, flexibility, and outcome 

standards from the project descriptions. Description uncertainty largely draws from the 

employer’s inability to describe the project details perfectly, or an employer’s strategic 

decision of which information to include. It may increase service providers’ difficulty in 

evaluating and predicting the future execution process of the project, which may 
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influence the final matching efficiency by changing providers’ bidding behavior and the 

employer’s bid evaluation costs.  

Drawing from transaction cost economics (Williamson 1979, 1987), we focus on 

exchange hazards and corresponding safeguarding contract structures in the focal context 

of online labor markets. Specifically, we focus on three key dimensions of project 

description (i.e., CFB in our research context): codifiability (Mithas and Whitaker 2007, 

Liu and Aron 2015), or the presence of provisions of project procedures; flexibility (Susarla 

2012), or the presence of provisions about potential renegotiation opportunities for the 

project period and budget; and outcome standards (e.g., Jensen and Meckling 1992, Goo et 

al. 2009), or the presence of provisions of quality and quantity of the standards to govern 

the final deliverables. Specifically, we ask the following research questions:  

(1) How do the three dimensions (codifiability, flexibility, outcome standards) of the 

project description in CFBs affect matching efficiency (whether a contract is awarded 

by an employer to a service provider)?  

(2) How do bid characteristics (number of bids, average price of bids, and average quality 

of bids) play a role in the relationship between the dimensions of the project description 

and matching efficiency? 

(3) How can we capture the three dimensions (codifiability, flexibility, and outcome 

standards) of the project description based on the text of the CFBs? 

We integrate the literature on IT outsourcing contract structure and platform 

characteristics (Chen and Bharadwaj 2009, Fitoussi and Gurbaxani 2012), such as reverse 

auction design (Hong et al. 2015), lack of screening mechanisms (Snir and Hitt 2003), 

background of service providers (Hong and Pavlou 2017), and “small” scale of projects (Lin 
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et al. 2018), and focus on outcome variables not commonly examined in the IT outsourcing 

literature (i.e., service providers’ bidding and employers’ contract awarding behaviors). We 

first theorize and test the effects of the three dimensions of project description (codifiability, 

flexibility, and outcome standards) on matching efficiency. Second, we also explore the 

mediating role of bid characteristics (number of bids, average price of bids, and average 

quality of bids) in the matching process. 

The content of project descriptions has been understudied in the literature due to a 

lack of clear structure in project descriptions and proper methods to quantify large-scale 

textual data. Although manual coding has been widely used to analyze textual data in both 

the auctions and IT outsourcing literature (Pavlou and Dimoka 2006, Chen et al. 2017), it 

may be inefficient to code each project description manually given the enormous scale of 

transactions in online labor markets in practice. Recent developments in machine learning 

techniques enable us to go beyond manually coding small samples to develop new methods 

that can extract textual features automatically and on a large scale. Hence, in this study, we 

use content analysis and machine learning to uncover the underlying dimensions of project 

descriptions in CFBs.  

Our research context is Freelancer.com, one of the largest online labor markets in 

the world. Our dataset contains all projects posted on the platform between March 2, 2014 

and March 31, 2014. Our empirical analyses consist of three main steps: First, we quantify 

three dimensions of project descriptions by integrating content analysis, a novel machine 

learning algorithm (i.e., doc2vec), and a supervised classification to analyze the large-

scale textual data. Second, we use a series of econometric specifications (employer fixed 

effects, coarsened exact matching, and instrumental variables) and alternative measures to 
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estimate the effects of the three dimensions of the project description of CFBs on 

matching efficiency. Third, we use Bayesian mediation analysis to examine the mediating 

role of the bid characteristics. 

Our results support our hypotheses and demonstrate that high codifiability and clear 

outcome standards are positively associated with matching efficiency, while high flexibility 

is negatively associated with matching efficiency. Results from a Bayesian mediation model 

suggest that codifiability increases matching efficiency by reducing the number of bids (thus 

decreasing employers’ cost of evaluating bids). In contrast, flexibility is negatively 

associated with matching efficiency by increasing the average bid price, since flexibility in 

project descriptions may increase the providers’ perceived task complexity and environment 

uncertainty (thus increasing the ex-post execution costs). Outcome standards increase 

matching efficiency by reducing the number of bids while improving the average quality of 

bids received by a project. 

To complement our empirical analyses, we conducted an experiment on Amazon 

Mechanical Turk by randomizing the key dimensions (codifiability, flexibility, outcome 

standards) of project descriptions and exploring the service providers’ bidding behavior. 

Doing so allows us to tease out potential factors that may shape how employers write a 

project description. We found that the results are in line with the main results of the 

Bayesian mediation analysis. Specifically, high codifiability attracts fewer bids; high 

flexibility attracts higher bid prices; and higher quality and quantity outcome standards 

attract higher quality bidders. 

This study makes several contributions. First, although the literature has focused 

on supply-side factors that affect matching efficiency in online labor markets, such as 
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service providers’ reputation and work experience (e.g., Yoganarasimhan 2013, Hong and 

Pavlou 2017), we focus on the role of demand-side factors, namely the textual content of 

the project descriptions in CFBs. Specifically, our study theorizes and empirically 

examines the role of three key dimensions of the project description in CFBs—

codifiability, flexibility, and outcome standards—in matching efficiency, as well as the 

mediating role of three key bid characteristics—number of bids, average price of bids, and 

average quality of bids. 

Second, our study contributes to the IT outsourcing literature (Chen and 

Bharadwaj 2009, Susarla et al. 2010) by theorizing and examining the contract structure 

dimensions of CFBs in online labor markets. Online labor markets differ from traditional 

IT outsourcing in the contracting processes (i.e., online versus offline) , types of services 

(i.e., short-term and small-scale Vs. long-term and large-scale), and diversity of the nature 

of service providers’ (e.g., country of origin and qualifications). Furthermore, different 

dependent variables have been examined in the two contexts. While prior IT outsourcing 

studies have focused on the impact of contract design on IT outsourcing performance, 

including output quality (Mani et al. 2012), employer satisfaction (Goo et al. 2009), 

contracting cost (Anderson and Dekker 2005, Langer et al. 2014), and contract termination 

(Susarla 2012), we focus on the role of contract design in service providers’ bidding 

behaviors, which in turn affects the matching efficiency of online labor markets. 

Our study has practical implications for employers, service providers, and online 

labor platforms. First, for employers, our study provides guidelines for designing project 

descriptions that attract the “right” candidates, reduce their evaluation costs, and increase 

their surplus. Second, for service providers, our study advises that they select suitable 
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projects based on the project description to reduce their uncertainty and increase the 

probability of a match with employers. For online labor platforms, our study provides 

concrete recommendations to reduce market frictions and facilitate matching, which 

significantly increases the matching efficiency and overall profitability of the focal 

platform and online labor markets in general. 

2.2 Related Literature 

Our study is mainly related to three streams of literature: (1) matching efficiency in 

online labor markets, (2) contract structure in the IT outsourcing literature, and (3) 

description uncertainty in online marketplaces. 

2.2.1 Matching Efficiency in Online Labor Markets 

Online labor markets are intermediaries that match employers with service 

providers of IT services. Matching between employers and service providers is 

challenging, largely because employers are uncertain about the service providers’ 

qualifications (e.g., Hong et al. 2015). This uncertainty may have a cascading effect, 

wherein uncertainty may increase the employer’s evaluation costs, which may in turn 

reduce the employer’s surplus from the matching (Snir and Hitt 2003, Carr 2003). On the 

other side, service providers may face uncertainty about the employers’ requirements and 

project details, thereby making it difficult for them to choose the best projects on which to 

bid (e.g., Snir and Hitt 2003). 

The literature has examined various mechanisms to reduce employers’ uncertainty 

about service providers, such as service providers’ reputation (e.g., Yoganarasimhan 

2013), text reviews (Moreno and Terwiesch 2014), location (Gefen and Camel 2008, 

Hong and Pavlou 2017), verified work experience (Agrawal et al. 2016), and third-party 

certifications (Goes and Lin 2012). These mechanisms generally reduce the employer’s 
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uncertainty about the service providers’ quality and lower evaluation costs, which 

facilitates matching efficiency. However, few studies examine how project related factors 

affect service providers’ bidding behavior. Exceptions include Snir and Hitt (2003) who 

showed that higher-value projects tend to receive more bids, albeit with a lower 

probability of reaching a contract, and Hong et al. (2015) who examined different auction 

formats and found that open bid auctions are more likely to result in a contract than sealed 

auctions. Notably, the role of project descriptions has received limited attention, perhaps 

due to the difficulty in analyzing the textual content of project descriptions. Our study 

extends this literature by focusing on project descriptions, which contain rich project 

information and cannot be captured by other project characteristics such as budget, period, 

and project type. Table 2.1 summarizes related studies that examine factors that influence 

the matching efficiency in online labor markets. 

Table 2.1 Related Studies on Factors that Influence Matching Efficiency in Online 
Labor Markets 

 Studies Factors 

Service 
Provider 
Related 
Factors 

Carr (2003) Excessive bidding (bid evaluation cost) 
Gefen and Camel 
(2008) 

Employers’ and providers’ location (offshore vs. 
domestic) and prior relationship 

Goes and Lin (2012) Third-party certifications 
Yoganarasimhan 
(2013) 

Providers’ online reputation 

Moreno and 
Terwiesch (2014) 

Service providers’ numerical feedback score and 
sentiment of reviews by employers 

Agrawal et al. (2016) Verified work experience 
Hong and Pavlou 
(2017) 

Providers’ country (language, time zone, cultural) 

Lin et al. (2018) Online reputation and contract form (i.e., input- vs. 
output-base) 

Project 
Related 
Factors 

Snir and Hitt (2003) Project size/budget  
Hong et al. (2015) Auction format (i.e., sealed vs. open) 
This Study Three key dimensions of project descriptions in CFBs 

written by employers 
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2.2.2 Contract Structure in IT Outsourcing 
Many online labor markets (e.g., Freelancer and Upwork) are platforms that allow 

the outsourcing of small-scale IT projects (e.g., Lin et al. 2018). Thus, we draw insights 

from the IT outsourcing literature to learn about the uncertainty associated with IT service 

contracting and the key elements of IT outsourcing contracts. Transaction cost economics 

(TCE) (Williamson 1979, 1989, 1991) has been widely used as a framework to determine 

the contract structure in IT outsourcing (e.g., Poppo and Zenger 2002, Anderson and 

Dekker 2005, Chen and Bharadwaj 2009, Benaroch et al. 2016). According to TCE, there 

are three main categories of exchange hazards that necessitate contractual safeguard 

structures – asset specificity, measurement difficulty, and uncertainty (e.g., Poppo and 

Zenger 2002). Inspired by TCE, our interest is in the exchange hazards and corresponding 

safeguarding structures in the context of online labor markets. 

Following TCE, asset specificity is “the degree to which the assets in an exchange 

are more valuable in their current application than in their next best use” (Leiblein and 

Miller 2003). Asset specificity emerges as an issue in contracting since it requires 

significant relationship-specific investments, which increases the uncertainty of 

employer’s requirements and service providers ex post behavior (Benaroch et al. 2016).  

Prior literature suggests that employers would be more likely to induce service providers’ 

specialty investment ex ante to reduce the possible costly bargaining ex post (Joskow 

1988b).  In these cases, monitoring provisions are used to specify the clear specific 

required procedures ex ante and encourage service providers to follow desired behavior ex 

post (Chen and Bharadwaj 2009). In the context of online labor markets, the transacted IT 

services are highly flexible and customized (Wang et al. 2017). For instance, an employer 

may require the service providers to build a shopping website to sell produce. Service 
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providers may need to have special knowledge and follow customized steps to deliver the 

website. Specifying detailed procedures in the description may attract appropriate service 

providers and ensure their proper behaviors and steps during the project. Accordingly, we 

consider codifiability (Liu and Aron 2015), defined as the extent to which a project 

description contains detailed procedures or steps. Codifiability serves as a safeguard 

structure in the project descriptions to specify service providers’ expected behaviors.  

Measurement difficulty is another major hazard during transactions for IT services 

(e.g., Fitoussi and Gurbaxani 2012). Without the clear measurements of performance, 

service providers have incentives to limit their efforts toward finishing the IT service, and 

employers may impose stricter quality standards (Choudhury and Sabherwal 2003). In 

contract structure, specifying clear service levels can safeguard against such behaviors 

(Poppo and Zenger 2002). In the context of online labor markets, the majority of IT 

services are highly customized and unstructured, which lack standard agreements of the 

acceptable levels of the final deliverables. Besides, the virtual setting may exacerbate 

information asymmetry as employers cannot communicate with service providers face-to-

face. Hence specifying clear outcome standards can be used to mitigate contract hazards 

brought by measurement difficulty (Choudhury and Sabherwal 2003, Goo et al. 2009). 

Hence, we consider outcome standards (e.g., Kirsch et al. 2002) in project descriptions, 

defined as the extent to which a project description contains detailed quality and quantity 

standards of the deliverables. Outcome standards serve as a safeguard in project 

descriptions to control final deliverables. 

In TCE, uncertainty is defined as difficulty in assessing performance and is 

considered one major obstacle that may prohibit transactions (Williamson 1989).  
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Specifically, the term uncertainty used in TCE refers to environment and task uncertainty 

of the project. It challenges an exchange by bringing up unforeseeable changes, such as 

unexpected environment changes. Flexibility provisions in the contract can help alleviate 

this concern by providing specifications of clauses and procedures that facilitate 

negotiations that invariable arise from environmental or technology change (Chen and 

Bharadwaj 2009, Susarla 2012, Chen et al. 2017). IT services are highly idiosyncratic, and 

the task environment is constantly changing (Gurbaxani 2007). These may be even more 

salient in online labor markets due to the diverse participants of these platforms and the 

highly flexible nature of these services (Deng and Joshi 2016). To mitigate the 

uncertainty, we focus on flexibility (Susarla 2012), defined as the extent to which a project 

description contains provisions that permit adjusting terms ex post. Flexibility enables 

renegotiation opportunities for the contract terms ex post. It helps employers to achieve 

goals that are not affected by unforeseen contingencies (Holland 1998) and provides 

service providers with sufficient flexibility to allow for future project changes, thereby 

reducing service providers’ risks of being locked in one specific unfortunate position 

(Klein 1996, Ghosh and John 1999). Empirical work has shown that flexibility is 

associated with Pareto improving amendments by reducing both parties’ rent-seeking 

behaviors (Susarla 2012). 

To sum, building upon TCE, we focus on three key dimensions of project 

descriptions, which serve as contracts in online labor markets—codifiability, flexibility, 

and outcome standards. Online labor markets differ from traditional IT outsourcing from 

three aspects. First, the two contexts have different contracting processes. The matching 

process of online labor markets takes place virtually rather than face-to-face, which 
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exacerbates uncertainty between employers and service providers. Second, the two 

contexts transact different types of IT services. IT services contracted in online labor 

markets are normally small-scaled, short-term, and highly-customized, which bring new 

challenges to the contract design. Third, the IT outsourcing literature mostly assumes that 

a match has already been formed and focuses on other outcomes, such as output quality 

(Mani et al. 2012), employer satisfaction (Goo et al. 2009), and contract termination 

(Susarla 2012). However, due to the large number and diversity of service providers, 

matching itself is already a challenging problem in the context of online labor markets in 

practice.  Hence, in the next section, we discuss the nature and unique aspects of 

description uncertainty in the context of online labor market.  

2.2.3 Description Uncertainty in Online Marketplaces 
Uncertainty is a major impediment to transactions in online markets (e.g., Ghose et 

al. 2006, Pavlou et al. 2007). In the context of online markets for physical goods, Dimoka 

et al. (2012) theorized the notion of product description uncertainty, which mainly arises 

from: (1) the seller’s inability to perfectly describe the product characteristics, (2) the 

seller’s unawareness of the product’s hidden characteristics, and (3) the seller intentionally 

hiding product defects. Product description uncertainty makes it difficult for others to fully 

evaluate the product, and in turn may influence price premia and purchase intentions. 

However, the literature has not studied description uncertainty for IT services, or its role 

in both the service provider’s bidding behaviors and the employers’ evaluation process in 

the context of online labor markets. 

The unique characteristics of online labor markets may exacerbate the role of 

description uncertainty in matching success. First, online labor markets transact IT 

services. Unlike physical products, IT services are often customized and idiosyncratic, 
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which increases employers’ difficulty in describing the requirements of an IT project (Snir 

and Hitt 2003, Hong and Pavlou 2017), such as detailed processes (Liu and Aron 2015) 

and outcome standards (Goo et al. 2009). In addition, IT services are delivered over a 

period of time, which increases the uncertainty of ex-post transactions. Thus, besides 

specifying the requirements ex ante, the description may also include flexibility provisions 

about potential adjustments to future unforeseen problems, which may also affect 

description uncertainty. From a risk-based software development view (e.g., Barki et al. 

1993), the uncertainty associated with processes, outcome standards, and coordination 

mechanisms significantly affect the final project performance and satisfaction (Nidumolu 

1995). Therefore, the lack of information related to processes, outcome standards, and 

coordination mechanisms may increase the service providers’ difficulty in evaluating the 

required service and predicting the expected outcomes. 

Second, most online labor markets utilize a reverse auction mechanism, where 

employers post projects and wait for service providers to bid. Therefore, a match is 

formed on the basis of mutual choices between employers and service providers (Gong 

2016). Description uncertainty may influence the service providers’ bidding behavior, 

which in turn affect employers’ surplus and contract behavior (e.g., Snir and Hitt 2003, 

Hong et al. 2015). Furthermore, online labor markets often lack a formal screening 

mechanism. While these markets enable access to service providers from around the world 

(Gefen and Camel 2008), description uncertainty may affect the diversity of qualifications 

of service providers who bid on the project, thereby affecting the employer’s costs of 

evaluating each bid, and accordingly, the final contract success. 

In sum, in the context of online labor markets, description uncertainty arises from 
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the extent to which service providers cannot fully assess the procedures, flexibility, and 

outcome standards from the project descriptions, which influences service providers’ 

bidding behavior and employers’ selection process. 

Table 2.2. Three Key Dimensions of Project Descriptions and Definition 
Dimensions Definition Proposed Effects 
Codifiability  The extent to which a project 

description contains detailed 
procedures/steps. 

1. Increases easiness and accuracy of the process 
execution (Mani et al. 2012). 
2. Reduces the ex-post risks of undesired 
provider behaviors (Liu and Aron 2015, Kirsch 
2002). 

Flexibility  The extent to which a project 
description contains 
provisions that permit 
adjusting terms ex post.  

1. Reduces service provider’s risk of being 
locked in a specific relationship (e.g., Tadelis 
2002). 
2. Increases task and environmental uncertainty 
(Susarla 2012). 

Outcome 
Standards  

The extent to which a project 
description contains specific 
quality and quantity 
standards for the key 
deliverables.  

1. Establish common goals (Goo et al. 2009). 
2. Facilitate cost evaluation process and reduce 
search cost (Snir and Hitt 2003, Carr 2003). 

 

Figure 2.1. Research Framework 
 

 
 

2.3 Hypotheses Development 

We theorize how the three key dimensions, (1) codifiability, (2) flexibility, and (3) 

outcome standards, influence matching efficiency (i.e., contract awarding). Particularly, 

different project descriptions may attract different service providers to bid on a Call for 
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Bids (CFB), which affects the total number of bids, the quality of bidders, and the range of 

bid prices received by a project. In turn, these bid characteristics may affect whether the 

employer would select a service provider to complete the project. Hence, we also theorize 

the mediating role of three bid characteristics, (a) number of bids, (b) average quality of 

bids, and (c) average amount of bids in the matching process. The definitions and 

proposed effects of the dimensions of project descriptions are presented in Table 2. The 

research model is visually depicted in Figure 1.  

2.3.1 Codifiability 
According to TCE, asset specificity increases the procedural uncertainty of the 

project (Riordan and Williamson 1985). Hence detailed specifications of service 

providers’ actions and procedures of task execution should be used in the contract to 

safeguard corresponding hazards (Poppo and Zenger 2002). Codifiability (Liu and Aron 

2015) serves as a safeguard in the project descriptions to specify the service providers’ 

behaviors. In the IT outsourcing literature, codifiability describes the ability to create a set 

of task execution rules on how a process is to be executed (Mani et al. 2012, Liu and Aron 

2015). In our context of online labor markets, we define codifiability as the extent to 

which a project description contains detailed procedures or steps. Codifiability serves as a 

behavioral control to fulfill the employer’s expectations (Liu and Aron 2015). The effect 

of codifiability is especially salient in online labor markets as employers cannot directly 

observe service providers’ behaviors, and service providers have diverse backgrounds and 

qualifications (Hong and Pavlou 2017). Thus, employers rely on specifying behavioral 

monitoring provisions in project descriptions to specify how projects are to be executed 

after contracting.  

We propose that codifiability facilitates matching by reducing the description 
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uncertainty of the focal IT service. First, codifiability improves service providers’ 

understanding of critical procedures and steps, which help them evaluate whether the 

project fits their skillset. For IT services, similar projects may require different skill sets 

and capabilities, and service providers with diverse backgrounds may have a different 

understanding of the requirements of a particular project (Levina and Ross 2003). 

Describing detailed procedures reduces service providers’ uncertainty about the 

employers’ expectations and helps them select appropriate projects. Hence, projects with 

high codifiability may attract more appropriate bids, which reduces the number of 

irrelevant bids received by a project. The lower number of bids may facilitate matching by 

reducing the employer’s evaluation costs (e.g., Snir and Hitt 2003). Accordingly, the 

positive effects of codifiability on contract award is mediated by a reduced number of bids 

received by the project.  

Second, codifiability increases the ease and accuracy of performing the service, 

which may attract a greater number of service providers qualified for the task (Mani et al. 

2012, Liu and Aron 2015). Notably, Mani et al. (2012) find that codifiability has a 

significant impact on the ease of process execution in the context of IT outsourcing 

projects. Mithas and Whitaker (2007) find that codifiability makes it easier to perform a 

process in a remote location. Hence a project with high codifiability may attract a higher 

number of qualified service providers.  A greater number of qualified IT service providers 

may promote matching by increasing the diversity and variety of options for employers 

(Yang et al. 2009, Hong et al. 2015). Hence, a higher number of bids, coupled with a 

superior average quality of bids, are likely to mediate the positive relationship between 

codifiability and contract award (matching).  
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Third, it is possible that employers with greater knowledge of appropriate 

contracting behaviors are more able, willing, and inclined to provide detailed procedures 

in their project descriptions (Kirsch 1997, Choudhury and Sabherwal 2003). Accordingly, 

service providers may perceive these employers to be more knowledgeable and 

experienced about the desired IT service. Hence, projects with high codifiability may 

attract higher quality service providers, on average, than projects with low codifiability. 

Prior studies (Yoganarasimhan 2013, Moreno and Terwiesch 2014) have shown that the 

average quality of bids received by a project is positively associated with the probability 

of the contract being awarded by raising employer surplus while holding other bid 

characteristics the same. Hence, a higher average quality of bids may mediate the 

proposed positive relationship between codifiability and contract awarding (matching).3  

Taken together, codifiability is proposed to reduce the number of bids and 

increase the quality of bids by deterring inappropriate or unqualified bids, while it may 

also increase the number of bids because of the signaling effect.  Overall, the number of 

bids and the average quality of bids mediate the positive effect of codifiability on 

matching efficiency. Thus, we provide the following set of hypotheses for testing:  

Hypothesis 1 (H1): Codifiability in a project description is positively associated 

with contract awarding. 

Hypothesis 1a/b/c: The positive effect of codifiability in a project description on 

contract awarding is mediated by (a) a lower number of bids, or (a) a higher number of 

bids, and (c) a higher average quality of bids received by a project.   

 
3 Employers may also strategically to decide whether to include detailed procedures in the project description. The 
mechanism would be similar, where the inclusion of codifiability may signal that the employer is experienced or high-
quality.   
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2.3.2 Flexibility 
Task and environment uncertainty (Williamson 1989) challenges the contracting 

process by unforeseeable changes. Flexibility provisions, as a key part of a formal contract 

structure in IT outsourcing, have been used to safeguard corresponding contingencies 

(Chen and Bharadwaj 2009). Specifically, flexibility refers to the extent to which a project 

description contains provisions that permit adjusting contract terms ex post (e.g., Susarla 

2012), which include price adjustments (Joskow 1988a), quantity changes (Tsay 1999), 

and period extensions (Anderson and Dekker 2005). A characteristic of online labor 

markets is that they enable the transaction of small IT projects that require less than six 

person-months of effort (McConnell 1996, Snir and Hitt 2003). These projects are 

generally highly customized and lack formal execution standards; besides, the IT service 

environment is constantly changing (Gopal and Koka 2012). Therefore, flexibility 

provisions allow employers to specify the terms in order to respond to ex ante unforeseen 

contingencies.  

Prior research does not offer clear insights into how flexibility affects matching 

efficiency. We argue that flexibility negatively affects matching efficiency by increasing 

the perceived uncertainty of IT services. First, flexibility in a project description may 

increase service providers’ perceived task complexity and environmental uncertainty, 

which would increase their difficulty in undertaking the project. Even though employers 

cannot foresee all possible contingencies, service providers may think that employers have 

a “reasonable anticipation” (Williamson 2005) of the unstable project environment and 

service complexity (Susarla 2012). Hence, from a service provider’s point of view, the 

presence of flexibility provisions may increase the perceived task and environment 

uncertainty. This may increase the possibility of having ex post negotiation and bargaining 
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costs. Accordingly, the service provider may propose a higher bid to compensate for 

unforeseen ex-post costs, which reduce the probability of reaching a match. Prior literature 

has found that the average price of bids received by a project is negatively associated with 

the employer’s surplus, which may deter contracting (e.g., Snir and Hitt 2003, Hong et al. 

2015). Holding other bid characteristics constant, employers are less likely to select a 

winning bid when the average price of bids is higher. Hence, the average price of bids is 

proposed to mediate the negative effects of flexibility on matching efficiency.  

Second, employers may strategically choose to provide flexibility provisions in a 

project description to reduce the ex-ante costs of writing the project description. The 

theory of incomplete contracts suggests that there is a substantial cost associated with 

writing very detailed contingencies (Hart and Moore 1988). Flexibility thus gives the 

employer an option to both reduce the cost of writing detailed contracts ex ante and to 

negotiate with service providers ex post (Banerjee and Duflo 2000). From the service 

providers’ point of view, they may think these employers do not have a clear 

understanding of their requirements and may be inexperienced and unprofessional. Hence, 

qualified and experienced service providers may stay away from these projects. 

Accordingly, the projects with high flexibility may receive, on average, a lower quality of 

bids. As we mentioned above, the average quality of bids is positively associated with 

contract award, since it may increase employer surplus while holding other bid 

characteristics the same (e.g., Yoganarasimhan 2013, Moreno and Terwiesch 2014). 

Therefore, flexibility is negatively associated with the contract award, which is mediated 

by the average quality of bids received by a project.  

In sum, the presence of flexibility in project descriptions may increase the average 
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price of bids or deter high-quality service providers away, both of which may lead to a 

lower probability of reaching a contract. Therefore, we propose the following set of 

hypotheses for testing:  

Hypothesis 2 (H2): Flexibility in a project description is negatively associated 

with contract awarding. 

Hypothesis 2b/c (H2b/c): The negative effect of flexibility in a project description 

on the contract award of a project is mediated by (b) a higher average price of bids, or 

(c) a lower average quality of bids received by a project.  

2.3.3 Outcome Standards  
As noted earlier, according to TCE (Williamson 1989), measurement difficulty is 

an important factor that prohibits contracting. Efficient outcome controls help to alleviate 

the difficulty of measure outcomes (Choudhury and Sabherwal 2003) and serve as a 

safeguard structure in the project descriptions to control the outcome standards of the 

project deliverables. Outcome standards reflect the presence of detailed acceptable 

standards of the final expected deliverables in a project description. Outcome standards 

have two measurable aspects — quality and quantity standards (Kirsch 1996, Kirsch et al. 

2002). Specifically, quality standards provide information about how well the deliverables 

should be (Rai and Al-Hindi 2000, Gopal and Koka 2012), while quantity standards 

describe how much or many the deliverables should be (e.g., Kirsch et al. 2002). Setting 

clear outcome standards is essential for measuring service providers’ performance (Goo et 

al. 2009) and motivating service providers to assure the alignment of final outcomes with 

the employer’s expected standards (Kirsch et al. 2002). The role of outcome standards is 

important since they help service providers learn the expected standards before bidding on 

the project and follow the standards after being awarded the project, which in turn help 
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employers assess the project outcomes delivered by service providers.  

First, specifying clear outcome standards increases outcome measurability (Kirsch 

et al. 2002, Choudhury and Sabherwal 2003). Outcome standards can serve as a screening 

mechanism to screen out unqualified service providers. Because employers could compare 

the final outcomes with the specified standards in the project description and decide on 

which bid to select, service providers who cannot achieve the outcome standards of the 

deliverables specified in the project descriptions may prefer not to bid in the first place to 

reduce the risk of underpayment. Hence, the presence of outcome standards may attract 

fewer, albeit higher-quality service providers. The lower number of low-quality service 

providers can reduce the employer’s evaluation costs and in turn increases the probability 

of the contract being awarded. Therefore, a lower number of bids and higher-quality 

bidders received by a project is theorized to mediate the proposed positive effect of 

outcome standards on contract award.  

Second, outcome standards establish common goals for both the employer and the 

service providers (Goo et al. 2009). Both parties will execute the contract based on these 

outcome standards. The presence of outcome standards may prohibit employers from 

changing outcome standards ex post. Also, the presence of outcome standards may signal 

that employers have a clear understanding of the requested IT service. Thus, projects with 

clear outcome standards are likely to attract more experienced and higher-quality service 

providers. As reviewed earlier, the average quality of bids received by a project is 

positively associated with the probability of the contract being awarded by increasing 

employer surplus. Therefore, outcome standards are expected to be positively associated 

with the contract award, mediated by the average quality of bids.  
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Taken together, the presence of outcome standards may result in fewer, albeit 

higher-quality bids, thereby leading to a higher probability of the contract being awarded. 

Therefore, we hypothesize:  

Hypothesis 3 (H3): Clear outcome standards in a project description (quality and 

quantity) are positively associated with contract award.  

Hypothesis 3a/b (H3a/b): The positive effect of outcome standards in a project 

description in terms of quality and quantity on the contract award of the project is 

mediated by (a) a lower number of bids and (b) a higher average quality of bids received 

by a project. 

2.4 Measurement Development  

To empirically test the proposed hypotheses in the context of online labor markets, 

we describe how we develop measures for codifiability, flexibility, and outcome standards 

from large-scale textual data.   

2.4.1 Research Context 

We obtained detailed transaction data from one of the largest online labor markets, 

Freelancer.com. Our dataset includes detailed information for all projects posted on the 

platform between March 2, 2014 and March 31, 2014, a total of more than 40,000 

projects, 25,800 employers, and 675,000 service providers.  

2.4.2 Measurement Development 
To measure the three dimensions of project descriptions (codifiability, flexibility, 

and outcome standards), we combined content analysis and recently-developed machine 

learning algorithms to analyze the project descriptions. Our method contains three steps: 

(1) manual coding, (2) machine learning feature extraction, and (3) binary classification, 

as elaborated below.  
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2.4.2.1 Manual Coding  
First, we employed content analysis to manually code a training sample (1,000 

project descriptions) based on the three dimensions of project descriptions. Content 

analysis is a scientific technique used to transfer textual meanings into objective, reliable, 

and quantitative measurements by determining and quantifying the presence of certain 

words, phrases, sentences, or concepts within text (Krippendorff 1980), and has been 

extensively used in IS research to analyze textual data and get reliable quantifiable 

measurements (Pavlou and Dimoka 2006, Goh et al. 2013). Following the human coding 

procedures suggested by Neuendorf (2016), we developed a codebook and training 

instructions for coding these three dimensions of description uncertainty. The codebook 

instructed coders to code each project description into two levels (high or low) for each 

dimension. To ensure the comprehensiveness and unambiguity of the codebook, we 

conducted three pilot studies to train the coders and revised the codebook accordingly. 

The procedures of the pilot studies and the final version of the codebook are available in 

Online Supplementary Appendix A. 

Codifiability. We adapted the measurement of codifiability from Liu and Aron 

(2015), which was used to measure process codifiability for IT outsourcing contracts. 

Codifiability was coded as a binary variable (high or low). Codifiability was coded as high 

(i.e., 1) if the project description contained detailed procedures or activities needed to 

complete in the project, and low (i.e., 0) otherwise. Two examples of project descriptions 

with high and low levels of codifiability are shown in Table 3. The first project description 

(CFB1) offers detailed procedures by explicitly listing the key steps needed to finish the 

project; therefore, the codifiability was coded as high. In contrast, the second project 

description (CFB2) does not explicitly contain information on the detailed procedures 
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needed to finish the project; hence, the codifiability was coded as low.  

Table 2.3. Examples of Project Descriptions with High and Low Codifiability 
High Codifiability  Low Codifiability 

CFB1 Title: Scrape data 
Project Description 

Hello, I wish to scrape the data from a website. This 
data will be stored in a simple database. When called the 
data will be displayed for the user. Steps for Project: 1) 
View attached PDF for scraping & database structure. 2) 
Write the script to scrape data. 3) Display data in the 
simple HTML page. The project is to be completed asap.  

CFB2 Title: Scrape data from Website  
Project Description 
We have to extract data from a website and perform text 
mining on it also need to extract data from dynamic web 
pages by using web scraping (Python and beautiful Soup) 
and populate it on an excel sheet.  

Flexibility. We adapted the measurement of flexibility from Susarla (2012). The 

flexibility of a project description was coded as high if it permits re-negotiation (such as 

updating the service terms or permitting price adjustments) under changed circumstances. 

Table 4 provides two examples of project descriptions with different levels of flexibility. 

The first project description (CFB3) allows the extended contract period and updated 

budget based on the service provider's work, and thereby we coded the flexibility as high; 

conversely, the second project description (CFB4) provides clear and firm contract related 

terms without opportunities for re-negotiation, and thereby we coded the flexibility as low. 

Table 2.4. Examples of Project Descriptions with High and Low Flexibility 
High Flexibility Low Flexibility 

CFB3 Title: Write an iPhone App  
Project Description:  
We are looking to update our iPhone iOS app. The app 
is a searchable English translation of a religious book 
with audio streaming. Escrow payment will be released 
in full after the app has been uploaded and successfully 
published on iTunes and once it has been briefly tested 
without issues. Rough timeline should be about 30 days, 
but negotiable. If you are able to add value, the budget is 
very flexible. 

CFB4 Title: Write an Android Application  
Project description: 
I need an android application that can be used to track a 
user’s position inside a building. The application will 
use Wi-Fi signals and fingerprinting to determine the 
user’s position. The interface doesn't need to be fancy 
and it doesn't have to have a lot of advanced features. 
My budget is 300 dollars and will need to be completed 
within 7 days. This is a firm period.  

 
Table 2.5. Examples of Project Descriptions with High and Low Outcome Standards 

(Quality and Quantity) 
High Quality Standards Low Quality Standards 

CFB5 Title: Website Design 
Project Description: 

Hi, I want to build a website for my online store. It 
should have the following functions: consumers can 
upload their own photos to the website; consumers can 
share their purchase on the social media websites. Also, 
I want the website has a modern and simple look. 

CFB6 Title: Website Design  
Project Description: 
I need a new website. I need you to design and build a 

website for my small business. Tent rental company based 
in Canada. We specialize in wedding and party event 
rentals. We provide marquee tents of all sizes. 

High Quantity Standards Low Quantity Standards 
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CFB7 Title: SEO our website 
Project Description:  
Looking for an expert who can generate sales with 

his/her marketing techniques using SEO ad social 
media marketing. I would like you to try at least 10 
different ad copies. And I need you to write 10 articles 
of 1,000 words each (budget is $10 per article). Thank 
you!  

CFB8 Title: SEO our website 
Project Description: 
We have a web hosting review website and we need 

web hosting related articles to be posted on our website. We 
have collected some related articles on Internet but in order 
to make our website rank high in search engine, we need to 
rewrite those articles to make the articles looks like 
the original. So, we need someone that has a good 
understanding of web hosting and to work for us. 

Outcome Standards. We measured outcome standards using two measures—

quality standards and quantity standards. We adapted the measurement of quality 

standards from Chen and Bharadwaj (2009) and Gopal and Koka (2012). Quality 

standards were coded as high if the project description specifies at least one of the 

following: (i) requirements for the functionality, usability, and reliability of deliverables, 

or (ii) benchmarks of the deliverables. Our measure of quantity standards was adapted 

from Kirsch et al. (2002). Quantity standards were coded as high if the project description 

contains clear quantity standards of deliverables. Detailed examples are presented in Table 

5. The first project description (CFB5) contains quality requirements for functionality and 

benchmarks of the deliverables; we thus coded quality standards as high. In contrast, the 

project description of CFB6 does not contain quality standards requirements; thus, we 

coded the quality standards as low. The project description of CFB7 contains the number 

of articles and words required for the final deliverables; thus, we coded the quantity 

standards as high. Conversely, the project description of CFB8 does not provide quantity 

standards for the final deliverables; hence, we coded the quantity standards as low. The 

final outcome standards of a project description equaled to one if the project description 

has either or both of the high quality standards or high quantity standards.  

Next, we used Amazon Mechanical Turk (AMT) to recruit coders in order to code 

a sample of 1,000 project descriptions into binary levels for each dimension, which would 

later be used as the training set for classification. AMT is a crowdsourcing platform that 
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enables access to a large group of workers at a relatively low cost to perform small tasks 

that are difficult to automate, and has been widely used in IS research (e.g., Mason and 

Suri 2012, Paolacci and Chandler 2014, Lee et al. 2018). We used stratified sampling to 

select projects from three general job categories—website software, mobile phone 

computing, and data entry administration—to ensure that we have a sufficient number of 

project descriptions in each job category. Coders were required to complete tasks, with 

each task involving a coder assigning a score (high or low) to one of the three dimensions 

of a project description. Following Lee et al. (2018), we conducted several procedures to 

ensure high-quality outputs, including (i) designing a pre-qualification test, (ii) selecting 

only coders with prior approval rate higher than 95%, and (iii) ensuring at least three 

inputs for each dimension. To examine the reliability of our measures, we present the 

Cronbach’s alpha, Krippendorff’s alpha, and Cohen’s Kappa in Table 6, where all 

reliability scores exceeded the acceptable threshold of 0.8 suggested by prior literature 

(Cronbach 1951, Cohen 1960, Krippendorff 1980).  

Table 2.6. Reliability of the Three Dimensions of Project Descriptions 
 Cronbach’s alpha Krippendorff’s alpha Cohen’s Kappa 
Codifiability  0.9340 0.8226 0.8226 
Flexibility  0.9241 0.8001 0.8006 
Quality Standards  0.9281 0.8114 0.8113 
Quantity Standards  0.9303 0.8161 0.8162 

 

2.4.2.2 Machine Learning  

Given the large scale of our dataset, we next use a machine learning approach to 

extend the content coding from the 1,000 project descriptions coded by AMT coders to 

the full set of 43,130 project descriptions. To do so, we use a machine learning algorithm, 

doc2vec (Mikolov et al. 2013, Le and Mikolov 2014), to extract the textual features of 

each project description, which were later used as inputs to build classifiers to predict the 
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levels of codifiability, flexibility, and outcome standards for the remaining project 

descriptions.  

Doc2vec is a machine learning algorithm that converts each document into a 

dense vector that best predicts words in the document. We utilized the doc2vec algorithm 

for the following reasons. First, doc2vec can automatically learn and generate word and 

document dense vectors from the textual dataset. Because it is economically inefficient4 

to recruit human coders to code large amount of textual data (e.g., 43,130 project 

descriptions), the machine learning algorithm enables us to automatically code each 

project description in the dataset with high efficiency. Second, compared with traditional 

feed-forward neural network language models (Bengio et al. 2003, Mikolov et al. 2010), 

the doc2vec algorithm removes the non-linear hidden layer and shares the project layer, 

which greatly increases the efficiency of the textual feature extraction process and 

improves the training speed for our large dataset. Third, doc2vec has been empirically 

shown to outperform other word embedding methods (e.g., word vector averaging and 

recursive neural tensor network) by considering word context, linguistic regularities, 

patterns, and phrases (Mikolov et al. 2013, Zhila et al. 2013, Deng and Yu 2014). It has 

been used widely in fields such as sentiment classification (Santos and Gatti 2014), 

language translation (Zhang et al. 2014), and information retrieval (Ganguly et al. 2015, 

Palangi et al. 2016). The intuition and detailed steps of the doc2vec algorithm are 

presented in Online Supplementary Appendix B.  

The algorithm was optimized for the full sample of 43,130 project descriptions 

with 3,701,243 words. Specifically, we use 10 context words to train the model and 

 

4 It takes more than 4,000 hours for one person to manually code all the project descriptions.  
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iterated the algorithm 20 times to achieve maximum accuracy (e.g., Socher et al. 2013). 

We deployed five different dimensions of document vector – 30, 50, 100, 200, and 300. 

In this step, each project description is represented as a vector that captures its syntactic 

and semantic meanings. 

2.4.2.3 Classification 
Next, we used the coded sample of 1,000 project descriptions as the training set 

for a binary classifier and then used the classifier to predict the levels of codifiability, 

flexibility, and outcome standards of the remaining project descriptions. We utilized three 

commonly used classifiers—naïve Bayes, support vector machine (SVM), and logistic 

regression. We combined the three classifiers with five different word vectors dimensions 

(i.e., 30, 50, 100, 200, and 300). For each dimension of the project description 

(codifiability, flexibility, or outcome standards), we had a group of 15 combinations in 

total.    

We assess the performance of the combinations of doc2vec and the classifiers 

based on three key measures—cross-validation accuracy, precision, and recall. Table 2.7 

presents the four combinations that have the best performance for each dimension of 

project description. As seen the algorithm has reasonably good performance and is 

comparable to the related studies that using machine learning algorithm to analyze textual 

data in the IS and accounting (e.g., Lee et al. 2018, Song 2018). Based on the classifiers, 

we predicted the levels and corresponding probabilities of the three dimensions of project 

descriptions, for all the remaining project descriptions in the dataset. 

Table 2.7. Performance of Text Mining Algorithm using Doc2vec 
Dimension  Classifier N-vectors Cross Validation Precision Recall 

Codifiability  Logistic 30 0.90 0.89 0.90 
Flexibility  SVM 50 0.91 0.86 0.87 
Quality Standards SVM 200 0.75 0.82 0.72 
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Quantity Standards Logistic 50 0.89 0.94 0.77 

To further evaluate the performance of doc2vec, we used two other word 

embedding methods (e.g., word count vectors and Tf-Idf vectors) to feed the classifier as 

comparison. The performance measures—10-fold within-sample cross-validation 

accuracy scores, precision, and recall are shown in Table 2.8. Column 1 presents the 

performance metrics with word vectors based on word frequency in the documents (term-

document matrix) (Jurafsky and Martin 2017). Column 2 presents the performance 

metrics with word vectors using term frequency-inverse document frequency (Tf-Idf), 

which reweighs word frequency by the importance of a word to the document (Ramos 

2003). As seen on Table 8, doc2vec achieves the highest the accuracy scores, precision, 

and recall among the three methods for each dimension of the project description. 

Therefore, in our empirical analysis, we used the predicted levels of codifiability, 

flexibility, and outcome standards based on the classifiers trained using features extracted 

from doc2vec. 

Table 2.8. Performance Measures for Different Word Embedding Methods 
Dimensions  Word Count Tf-Idf Doc2Vec 

Accuracy Precision Recall Accuracy Precision Recall Accuracy Precision Recall 
Codifiability  0.89 0.71 0.56 0.90 0.71 0.56 0.90 0.91 0.90 
Flexibility  0.90 0.66 0.56 0.90 0.61 0.58 0.91 0.87 0.86 
Quality Standards 0.68 0.72 0.72 0.68 0.72 0.72 0.75 0.82 0.72 
Quantity 
Standards 

0.68 0.72 0.72 0.70 0.72 0.72 0.89 0.94 0.77 

 
 

2.5 Empirical Analysis 

2.5.1 Data and Variables 

Our dataset contains 43,130 projects with 28,040 employers from three project 

categories—website and software, mobile phones and computing, and data entry 

administration. For each project, we collected detailed project, employer, and service 

provider characteristics. Specifically, the project characteristics include contract award 
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(whether the project reached a contract), maximum budget, number of skills required, 

number of bids received, the price of each bid, auction duration, payment type (hourly or 

fixed), project type (urgent, prepaid, qualified), and project category. The employer 

characteristics include the employer’s number of reviews previously received, average 

review rating, and employer country. The service provider characteristics include the 

number of reviews previously received and average review rating. In addition, the textual 

features of each project included length, the number of grammatical errors, and the 

readability of the project description, as well as title length. The number of grammatical 

errors was measured using Python’s natural language process grammar error package, 

while readability was measured using the Flesch formula (Kincaid et al. 1975, Singh et 

al. 2014, Johnson et al. 2015).  

Table 2.9. Definition and Summary Statistics of Key Variables (N: 43,130) 
VARIABLES Definition Mean SD Min Max 
Contracted An indicator of whether a contract is reached  0.37 0.48 0 1 
lnNumBids Log-transformed number of bids 2.35 1.13 0 5.72 
lnPriceBids Log-transformed average amount of bids  4.96 1.72 0.53 21.18 
lnQualityBids Log-transformed average rating of bids  1.37 0.42 0 1.79 
Codifiability  The predicted codifiability category of project description (1=high) 0.08 0.27 0 1 
Flexibility The predicted flexibility category of project description (1=high) 0.11 0.31 0 1 
OutcomeStandards The predicted outcome standard category of project description (1=high) 0.66 0.48 0 1 
lnWordcount Log-transformed word count in the project description 3.52 1.79 0 6.68 
lnTitlecount Log-transformed word count in the title of project description 1.57 0.53 0 3.99 
lnGrammarErrors Log-transformed grammar errors in the project description 1.79 0.87 0 5.53 
lnReadability  Log-transformed readability of the project description 4.21 0.47 -2.16 5.32 
lnEmployerAvg Log-transformed number of ratings the employer received 1.07 0.87 0 3.26 
lnEmployerCount Log-transformed average rating of an employer 1.43 1.51 0 7.43 
lnNumSkills Log-transformed number of skills  5.00 1.70 -4.73 27.63 
lnBudgetMax Log-transformed maximum budget of the project 5.14 0.29 0 7.54 
lnDuration Log-transformed duration of the project  1.06 0.55 0 2.08 
Hourly Whether the project is paid by hour  0.14 0.35 0 1 
Quickhire Whether the project is a quick hire 0.03 0.17 0 1 
Qualified Whether the project required qualified workers or not 0.03 0.16 0 1 
Prepaid Whether the project is prepaid  0.02 0.13 0 1 
Urgent Whether the project is urgent  0.78 0.42 0 1 
WebsiteSoftware An indicator of whether the project belongs to Websites, IT & Software 0.12 0.32 0 1 
MobilePhone An indicator of whether the project belongs to Mobile Phones & Computing 0.11 0.31 0 1 
DataEntryAdmin An indicator of whether the project belongs to Data Entry & Administration 0.11 0.31 0 1 

Table 2.9 presents detailed definitions and statistics of the key variables in our 

dataset. In our sample, the average contract award rate is 37.2%, which is in line with 
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prior studies (e.g., Snir and Hitt 2003, Yoganarasimhan 2013). On average, each project 

received 17.4 bids, and the maximum budget is $450. With respect to the three 

dimensions of project description, 8% of the projects have high codifiability, 11% of the 

projects have high flexibility, and 66% of the projects have high outcome standards. The 

correlation among variables is reported in Appendix C. 

Table 2.10. Effects of Three Dimensions of Project Descriptions on Contract Success 
DV: Contracted (1) (2) (3) (4) (5) (6) (7) (8) 
Codifiability  0.435***   0.415*** 0.424***   0.404*** 
 (0.0460)   (0.0461) (0.0918)   (0.0922) 
Flexibility   -0.161***  -0.165***  -0.261**  -0.268** 
  (0.0417)  (0.0418)  (0.114)  (0.115) 
OutcomeStandards   0.280*** 0.269***   0.285*** 0.270*** 
   (0.0384) (0.0386)   (0.0763) (0.0766) 
lnWordCount -0.171*** -0.115*** -0.169*** -0.191*** -0.320*** -0.276*** -0.324*** -0.350*** 
 (0.0180) (0.0179) (0.0182) (0.0190) (0.0422) (0.0419) (0.0428) (0.0441) 
lnTitleCount -0.125*** -0.128*** -0.125*** -0.121*** -0.116** -0.121** -0.117** -0.114** 
 (0.0227) (0.0227) (0.0228) (0.0228) (0.0481) (0.0480) (0.0480) (0.0481) 
lnGrammarErrors -0.0209 -0.0201 -0.0115 -0.0173 0.0464 0.0489 0.0569 0.0506 
 (0.0195) (0.0195) (0.0195) (0.0196) (0.0425) (0.0425) (0.0425) (0.0426) 
lnReadability -0.000945 -0.00173 -0.000673 -0.000482 -0.0598* -0.0594* -0.0620* -0.0622* 
 (0.0157) (0.0156) (0.0156) (0.0157) (0.0348) (0.0347) (0.0347) (0.0348) 
lnEmployerAvg 0.0740*** 0.0759*** 0.0728*** 0.0725*** -1.244 -1.187 -1.145 -1.212 
 (0.0106) (0.0106) (0.0106) (0.0106) (1.181) (1.178) (1.180) (1.181) 
lnEmployerCount 0.975*** 0.975*** 0.978*** 0.976*** -0.389 -0.364 -0.356 -0.384 
 (0.0209) (0.0209) (0.0209) (0.0209) (0.843) (0.842) (0.842) (0.842) 
lnNumSkills -0.201*** -0.201*** -0.198*** -0.196*** -0.327*** -0.326*** -0.326*** -0.325*** 
 (0.00925) (0.00925) (0.00925) (0.00928) (0.0225) (0.0224) (0.0225) (0.0225) 
lnBudgetMax -0.166*** -0.173*** -0.173*** -0.164*** -0.111** -0.112** -0.111** -0.110** 
 (0.0216) (0.0216) (0.0216) (0.0216) (0.0507) (0.0507) (0.0507) (0.0508) 
lnDuration 1.231*** 1.241*** 1.235*** 1.231*** 0.818*** 0.820*** 0.814*** 0.817*** 
 (0.106) (0.107) (0.107) (0.106) (0.127) (0.127) (0.126) (0.127) 
Hourly -0.235*** -0.237*** -0.230*** -0.216*** -0.399*** -0.397*** -0.397*** -0.390*** 
 (0.0419) (0.0419) (0.0419) (0.0421) (0.0879) (0.0879) (0.0879) (0.0881) 
Quickhire -0.140* -0.141** -0.183** -0.174** -0.273 -0.299* -0.332* -0.304* 
 (0.0718) (0.0715) (0.0714) (0.0717) (0.174) (0.174) (0.174) (0.174) 
Qualified 4.755*** 4.757*** 4.756*** 4.764*** 4.777*** 4.790*** 4.790*** 4.781*** 
 (0.257) (0.256) (0.256) (0.257) (0.508) (0.508) (0.508) (0.508) 
Prepaid 2.566*** 2.586*** 2.574*** 2.566*** 1.535*** 1.533*** 1.531*** 1.538*** 
 (0.212) (0.213) (0.212) (0.212) (0.307) (0.307) (0.307) (0.306) 
Urgent -5.183*** -5.304*** -5.269*** -5.226***     
 (0.897) (0.912) (0.891) (0.910)     
Constant         
 Yes Yes Yes Yes Yes Yes Yes Yes 
Project Category FE Yes  Yes  Yes  Yes  Yes  Yes  Yes  Yes  
Employer Country FE No No No No Yes Yes Yes Yes 
Employer FE 43,130 43,130 43,130 43,130 12,515 12,515 12,515 12,515 
Observations 28,040 28,040 28,040 28,040 3,260 3,260 3,260 3,260 
# Employers 0.221 0.220 0.221 0.222 0.104 0.102 0.103 0.105 
Pseudo R2 0.244 0.244 0.245 0.245 0.124 0.124 0.124 0.124 

Robust standard errors in parentheses (*** p<0.01, ** p<0.05, * p<0.1) 
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2.5.2 Empirical Model and Results 
We used logistic regressions to test the role of the three dimensions of project 

description in contract award. The main dependent variable is contract award (i.e., 

Contractedi), which is a binary variable indicating whether project i was awarded to a 

service provider. The main independent variables are the three dimensions of project 

descriptions. Specifically, we used the predicted binary level of codifiability, flexibility, 

and outcome standards (1=high) obtained from binary classification as described earlier. 

In addition, we included a comprehensive set of control variables. First, we controlled for 

other textual features of each project description, including the length of the project 

description, the length of the title, any grammatical errors, and readability and flow. 

Second, we controlled for both employer characteristics (e.g., average review score, 

number of reviews received, and employer country) and project characteristics (e.g., 

budget, type, number of skills required, and category). To address non-normality in the 

variables, we log-transformed the highly skewed variables. Equation (1) outlines our 

empirical model:  

Pr(Contractedi=1)=	F$β0+β1Codifiabilityi+β2 Flexibilityi+β3OutcomeStandardsi+Controlsi % (1) 

Table 10 presents the results of the logistic regression. Robust standard errors 

were obtained. Columns 1-3 report the results of models including codifiability, 

flexibility, and outcome standards, respectively. Column 4 reports the results of a model 

including all the three independent variables. Codifiability and outcome standards are 

positively associated with contract award. Specifically, the coefficient of codifiability 

(β1=0.435, p<0.05) indicates that the odds of a project with high codifiability reaching a 

contract over the odds of a project with low codifiability reaches a contract is 1.54, while 

holding other variables constant. And the coefficient of outcome standards 
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(β3= 0.280, p<0.05) indicates that the odds of a project with outcome standards reaching 

a contract over the odds of a project with low outcome standards reaching a contract is 

1.32. The results suggest that projects with detailed procedures and clear outcome 

standards are more likely to reach a contract. H1 and H3 are thus supported. Flexibility is 

negatively associated with contract award, thus H2 is supported. The coefficient of 

flexibility (β2=-0.161, p<0.05) indicates that the odds of a project with high flexibility 

reaching a contract over the odds of a project low flexibility reaching a contract is 0.85. 

This suggests that project descriptions that specify renegotiation opportunities under 

changed circumstance are less likely to reach a contract.5  

Employer Fixed Effects. A major concern about the analysis above is that 

unobservable employer characteristics may play a role in the matching process. Even 

though we included the employer’s previous experience, reputation, and country of origin 

to address potential differences across employers, some unobserved employer 

characteristics (e.g., knowledge set) that correlate with the design of project descriptions 

may also affect the probability of reaching a contract. To address this problem, we further 

included employer fixed effects in our model to capture unobservable employer 

characteristics. In total, our subset contains 2,848 employers who posted more than one 

project and had variations in the dependent variable (i.e., whether a project reached a 

contract), resulting in 10,739 projects. The results are presented in Columns 5-8 of Table 

2.10. As shown, the coefficients for three main independent variables—codifiability, 

 
5 Some projects contain file attachments to provide additional project information. To test the robustness of the results, 
we also included the control variable Attached, indicating whether the project included attachments, and the results 
remained consistent. We also included the measure of text coherence of the project descriptions in the model. The 
results remain consistent.  
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flexibility, and outcome standards—are consistent with those presented in Columns 1-4. 

Therefore, our main results are robust to the inclusion of employer fixed effects. 

2.5.3 Robustness Checks 
We performed a set of robustness tests to establish the robustness of our main 

results, including (1) alternative measures, (2) matching estimators, and (3) instrumental 

variables. 

2.5.3.1 Alternative Measures 
In our main analysis, we used the predicted levels (high or low) of codifiability, 

flexibility, and outcome standards from classifiers as the independent variables. After we 

fed the textual features from the doc2vec algorithm to the classifiers, the classifiers 

generated not only the level but also the predicted probability of each dimension of 

project descriptions. However, it is plausible that the predicted binary level cannot fully 

capture the variance of each dimension of the project descriptions. Thus, we replicated 

the model in Equation (1) using predicted probabilities of a project description belonging 

to high codifiability, flexibility, and outcome standards as independent variables. Results 

remained robust (Appendix D).  

Additionally, our main independent variables are generated from the machine 

learning algorithm and classifiers, which may inevitably contain measurement errors. 

Following the suggestion of Yang et al. (2018), we used a simulation-based approach, 

MC-SIMEX,6 to correct for measurement errors. We replicated the model in Equation 

(1) and we present the results in Appendix D. We found that the measurement errors lead 

to an attenuation of the coefficients, albeit the directions and statistical significance of the 

estimated effects of the main independent variables remain consistent. 

 
6 Applicable to both classical and nonclassical measurement error (Yang et al. 2018). 
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2.5.3.2 Coarsened Exact Matching  
While our results are robust to the inclusion of employer fixed effects, it remains 

plausible that projects with higher description uncertainty are different from projects with 

lower description uncertainty with respect to other observed characteristics. Therefore, 

we used Coarsened Exact Matching (CEM) (Blackwell et al. 2010), one of the newly-

developed matching estimators, to strengthen the causal relationship by reducing the 

imbalance in control variables between treated and control groups. CEM has been widely 

used to address selection bias in IS studies (e.g., Bapna et al. 2016). 

Because we are interested in examining three dimensions of project descriptions 

(i.e., codifiability, flexibility, and outcome standards), we only considered one dimension 

as the treatment variable at a time while including the other dimensions of project 

description as matched variables (exact match, which matches the exact same value of the 

variable). For example, when examining the effect of codifiability (as the treatment 

variable), we included the other two dimensions—flexibility and outcome standards—as 

covariates to be matched. We chose to match projects based on maximum budget, project 

duration, project categories, the number of skills required, employer’s average review 

rating, employer’s number of reviews, and employer’s country. For the categorical 

covariates such as project category, we conducted exact match. For the continuous 

variables, such as project budget, we applied the automated coarsening that utilizes the 

Freedman-Diaconis rule (Freedman and Diaconis 1981). Then the algorithm placed each 

observation in a stratum based on the coarsened value and dropped the observation whose 

stratum did not contain at least one treated unit and one control unit. Next, we estimated 

the treatment effect of each of the three dimensions of project description based on the 

matched sample. The CEM results are shown in Appendix D, and are consistent with our 
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main results. 

In addition, we also used CEM to match employers’ observed characteristics, 

including the average rate and the total number of reviews received by the employers, 

and employer’s country. We then apply employer fixed effects to the matched employers. 

In total, we have 35,962, 35,918, and 35,252 observations with 25,802, 26,480, and 

26,507 matched employers for three dimensions respectively. The results are consistent 

with our prior analysis and are presented in Appendix D. 

2.5.3.3 Instrumental Variable (IV) Approach 
While implementing the CEM procedure to match projects based on observed 

characteristics, another concern remains that there may have been unobserved employer-

project specific characteristics that affected both the three dimensions of project 

descriptions and contract success. To alleviate this concern, we used two IV approaches 

to further check the robustness of the main results. First, we used three external IVs for 

the three variables—codifiability, flexibility, and outcomes standards. The IVs we used 

are (a) the average codifiability, (b) average flexibility, and (c) average outcome 

standards of all the other projects posted on the same day, within the same category, and 

which required the same set of skills (excluding the focal project). We argue that the 

three IVs are correlated with the codifiability, flexibility, and outcome standards of the 

current project description. The reason is that, when posting a project, employers may 

write project descriptions based on other similar projects posted during the same time. 

Therefore, similar projects may share textual characteristics. At the same time, the three 

IVs do not directly affect the contract success of the current project once we control for 

the codifiability, flexibility, and outcome standards of the focal project.  

We re-estimated the effects of the codifiability, flexibility, and outcome standards 
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on contract success using a linear probability model (LPM) and replicated this model 

using GMM estimation for the IV approach. Results are presented in Appendix D. All 

three IVs passed the weak instrument test, and the results are consistent with the main 

findings.  

One limitation of the above method is that the results rely on the assumption that 

the three external IVs must be uncorrelated with any other determinants of the dependent 

variable, i.e., contract success, which cannot be directly tested. To address this problem, 

we utilized a new, alternative IV approach introduced by Lewbel (2012), which has been 

recently used in the IS literature (e.g., Hong et al. 2018). The Lewbel IV approach only 

requires the existence of exogenous variables in the main model and heteroskedastic 

errors, and the IVs are constructed using the model’s data, even without external IVs. 

Lewbel (2018) further shows that the method is also applicable when the endogenous 

regressors are binary. In addition, when there are available external instrumental 

variables, it can also supplement external instruments to improve the efficiency of the IV 

estimator (Baum et al. 2013). The estimated results are shown in Appendix D, where we 

found consistent results with our main findings. 

2.5.4 Bayesian Mediation Analysis 
To test the mediating role of the number of bids, average price of bids, and 

average quality of bids in the effects of codifiability, flexibility, and quality standards on 

contract success, we used Bayesian mediation analysis (Yuan and MacKinnon 2009) as 

the main analysis, and classical regression mediation analysis (Baron and Kenny 1986) as 

a robustness check. Mediation analysis formally tests the role of a third variable in the 

process through which the independent variables affect the dependent variable, and it has 

become an increasingly common methodology in social science research (MacKinnon et 
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al. 2007). We opted to use Bayesian mediation analysis for two main reasons. First, it 

offers point estimates and credible intervals for indirect effects for simple as well as 

complex models (Yuan and MacKinnon 2009, Zhang et al. 2009) by using Markov chain 

Monte Carlo (MCMC) estimation. Second, unlike classical mediation analysis (Kenny et 

al. 2003), Bayesian mediation analysis does not impose the restrictive normality 

assumption on sampling distributions of estimates. Overall, the Bayesian mediation 

analysis resolves the difficulties of computation and estimation of classic mediation 

analysis, which fits our research context.  

To conduct the Bayesian mediation analysis, we considered the same dependent 

variable (Contractedi) as before. The key independent variables are the three dimensions 

of project descriptions—codifiability, flexibility, and outcome standards. The three 

mediators are the number of bids, the average price of bids, and the average quality of 

bids (measured by the bidding providers’ average rating). The model is as follows: 

Mi~N3$μi,Σ% (2) 

μ1i=β1+αcod1Codifiabilityi+αflex1Flexibilityi+αos1OutcomeStandardsi+G1Controlsi (3) 

μ2i=β2+αcod2Codifiabilityi+αflex2Flexibilityi+αos2OutcomeStandardsi+G2Controlsi (4) 

μ3i=β3+αcod3Codifiabilityi+αflex3Flexibilityi+αos3OutcomeStandardsi+G3Controlsi (5) 

Pr(Contractedi=1)	=	F(β4+βnumbidsM1i+βpricebidsM2i+βqualitybidsM3i 

+γcodCodifiabilityi+γflexFlexibilityi+γosOutcomeStandardsi+G4Controlsi) 
(6) 

Mi is a 3×1 matrix where each element represents a mediator, i.e., number of 

bids (M1i), average price of bids (M2i), or the average quality of bids (M3i) for project i. 

We assume that Mi follows a multivariate normal distribution, where the mean, μi, is a 

3×1 matrix, and Σ is a 3×3 variance covariance matrix. Equations (3) - (6) specify the 

mediation model. Each element in μi, i.e., μ1i, μ2i, or μ3i, is a function of the dimensions 
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of project description (i.e., codifiability, flexibility, and outcome standards) and other 

control variables. The coefficients αcod1− αcod2, αflex1− αflex2,	and αos1− αos2 capture the 

effects of codifiability, flexibility, and outcome standards on the three mediators, 

respectively. 

Table 2.11. Mediating Role of Number, Average Price, and Average Quality of Bids: 
Bayesian Mediation Analysis  
(1) (2) (3) (4) 

DV lnNumBids lnPriceBids lnQualityBids Contracted 
Codifiability -0.087** -0.016 0.012 0.110***  

(0.019) (0.014) (0.017) (0.050) 
Flexibility 0.021 0.023** 0.008 -0.193  

(0.0196) (0.010) (0.007) (0.438) 
OutcomeStandards -0.152*** 0.012 0.024** 0.204 
  (0.010) (0.016) (0.006) (0.408) 
lnNumBids 

   
-0.383***     

(0.019) 
lnPriceBids 

   
-0.534***     

(0.037) 
lnQualityBids 

   
0.275***     
(0.032) 

Controls Yes Yes Yes Yes 
Project Category FE Yes Yes Yes Yes 
Employer Country FE  Yes Yes Yes Yes 
Observations 43,130 43,130 43,130 43,130 
(Pseudo) R2 0.2420 0.8647 0.0896 0.2472 

Standard deviations in parentheses (*** p<0.01, ** p<0.05, * p<0.1) 

Equation (6) outlines the logistic regression by modeling contract success 

(Contractedi)	as a function of the three dimensions of project description as well as other 

controls. βnumbids,	βpricebids, and βqualitybids capture the effect of the three mediators (i.e., 

number of bids, average quality of bids, and average price of bids) on contract success 

rate, after controlling for the effects of the three dimensions of the project description. 

γcod, γflex, and γos capture the direct effects of the three dimensions of project description 

on contract success. The indirect effects (i.e., mediation effects) of the three dimensions 

of project description on contract success rate are captured by multiplying α by β. For 

instance, the indirect effects of codifiability on contract success through the number of 

bids, average price of bids, and average quality of bids are αcod1×βnumbids, αcod2×βpricebids, 
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and αcod3×βqualitybids, respectively. In total, there are nine different indirect effects to be 

estimated. We fed the Bayesian model with initial values from the logistic regression and 

iterated the model 10,000 times with 5,000 burn-ins using three chains. For all 

parameters, we used non-informative prior distributions (Appendix F). 

Table 2.12. Estimated Indirect Effects 
Parameter Estimate Standard Deviation 95% Credible Interval  
αcod1×βnumbids 0.033*** 0.008 (0.019, 0.048) 
αcod2×βpricebids 0.009 0.009 (-0.004, 0.021) 
αcod3×βqualitybids 0.003 0.002 (-0.001, 0.008) 
αflex1×βnumbids 0.024 0.006 (-0.026, 0.006) 
αflex2×βpricebids -0.012*** 0.006 (-0.023, -0.002) 
αflex3×βqualitybids 0.002 0.002 (-0.001, 0.006) 
αos1×βnumbids 0.081*** 0.008 (0.069, 0.094) 
αos2×βpricebids -0.005 0.009 (-0.019, 0.005) 
αos3×βqualitybids 0.007** 0.002 (0.003, 0.011) 

*** p<0.01, ** p<0.05, * p<0.1 

Table 2.11 presents the mean values and standard deviations for the posterior 

distributions of the parameters obtained through the Bayesian mediation model. Table 

2.12 presents the mean values, standard deviations, and the 95% credible intervals for the 

posterior distributions of the nine indirect effects. As seen, the number of bids partially 

mediates the positive effects of codifiability and fully mediates the positive effects of 

outcome standards on the contract success, suggesting that the presence of detailed 

procedures and clear outcome standards reduces the number of bids, which increases 

contract success by reducing the employer’s evaluation costs (e.g., Carr 2003). H4a and 

H4c are thus supported. Additionally, the effect of flexibility on contract success is 

mediated by an increase in the average price of bids, which reduces the likelihood of 

reaching a contract. This is because service providers may infer higher task complexity 

and environmental uncertainty in the presence of flexibility provisions, and thus may 

charge a higher price to compensate for potential ex-post costs. Hence, H5 is supported. 

Finally, the average quality of bids mediates the positive effect of outcome standards on 
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contract success, implying that clear outcome standards help screen out low-quality 

providers, which increases the probability of reaching a contract. Thus, H6 is supported. 

To examine the robustness of the Bayesian mediation analysis, we also run the classic 

mediation analysis (Baron and Kenny 1986). Results remain consistent (Appendix E). 

2.5.5 Randomized Experiment  
In our prior analyses, we primarily use the observational data from one of the 

largest online labor markets. One concern is that the variation in project descriptions may 

come from employers’ strategical decision on which information to include in the project 

description, which may cause endogeneity concerns. To better identify the effect of the 

three key dimensions, we conducted a randomized experiment on Amazon Mechanical 

Turk (AMT). AMT is a crowdsourcing marketplace that enables users to access a large 

group of individuals at a relatively low cost to perform small tasks that computers are 

difficult to do. Prior studies show that there are more than 2,000 active workers on the 

platform (e.g., Difallah et al. 2018). Participants are from several countries, are over the 

age of 18, and be able to communicate in English. 

In the experiment, we randomly show participants different project descriptions 

with different levels of codifiability, flexibility, and outcome standards, while holding 

everything else the same. Doing so allows us to causally identify the effects of the three 

key dimensions of project description on service providers’ bidding behavior. 

2.5.5.1 Study Design  
We conducted the experiment with one control group and four treatment groups. 

Each participant entered a reverse auction, where the research team posted projects and 

waited for participants to bid. Specifically, we manipulated the level (low or high) of the 

three dimensions of the project description—codifiability, flexibility, and outcome 
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standards (quality and quantity). We prepared five different project descriptions7 for 

each category—website design, data entry, and mobile computing. Participants were 

randomly assigned to one of the five conditions (Table 2.13), and are then asked to 

provide their bid information.  

Table 2.13. Treatment Design of the Online Experiment 
Group  Codifiability Flexibility Quality Standards Quantity Standards 

1. Control group Low  Low Low  Low  
2. Codifiability High  Low Low Low 
3. Flexibility Low  High  Low  Low 
4. Quantity Standards Low  Low  High  Low 
5. Quality Standards Low Low Low  High 

 

Table 2.14. Summary Statistics 
 (1) (2) (3) (4) (5) (6) 
VARIABLES Definition N mean sd min max 
       
Control  A binary variable indicates whether the project 

description is in the control group  
203 0.217 0.413 0 1 

Codifiability A binary variable indicates whether the project 
description has high codifiability (high=1). 

203 0.197 0.399 0 1 

Flexibility A binary variable indicates whether the project 
description has high flexibility (high=1). 

203 0.197 0.399 0 1 

Quantity A binary variable indicates whether the project 
description has high quantity standards (high=1). 

203 0.172 0.379 0 1 

Quality A binary variable indicates whether the project 
description has high quality standards (high=1). 

203 0.217 0.413 0 1 

Gender A binary variable indicates whether the bidder is 
male (=1).  

203 0.675 0.470 0 1 

Whether_bid A binary variable indicates whether the bidder want 
to bid on the project.  

201 0.562 0.497 0 1 

Bid_Amount The price bidder charged to finish the project.   161 15.45 6.214 0 20 
Exp_OLM A binary variable indicates whether the bidder has 

online labor markets experience.  
202 0.406 0.492 0 1 

Exp_DataEntry A binary variable indicates whether the bidder has 
data entry experience. 

202 0.644 0.480 0 1 

Bidder Quality  An average of two five-scale measures which 
shows bidders’ proficiency of skills (self-reported).  

201 3.065 1.030 1 5 

 
2.5.5.2 Procedure  

We recruited 250 subjects from the online labor market, among which 203 

 
7 Specifically, the project description that serves as the control group contains low levels of all three dimensions. The 
remaining four project descriptions reflects high level for codifiability, flexibility, outcome (quality standards), and 
outcome (quantity standards), respectively. Please refer to Appendix G for more details.    
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participants have completed the experiment. The experiment consisted of two phases. In 

Phase 1, participants read the instructions on the recruitment page (Figure G1 in Online 

Supplementary Appendix G) and decided whether to enter the auction. If they agreed to 

enter the auction, they will be directed by the survey link to read informed consent. In 

Phase 2, each participant viewed a project description of the project (Figure G2 in Online 

Supplementary Appendix G). Based on the project description, the participant made 

decisions about their bidding behavior. Specifically, participants answered three main 

questions: (1) Do you want to bid on the project (Yes or No)? (2) How much do you want 

to charge for finishing the project (within the budget)? (3) Please provide your 

proficiency of the request skill. Summary statistics are presented in Table 2.14.  

2.5.5.3 Analysis and Results 
First, we conducted a randomization check based on participants’ demographic 

information including gender and age range. Results are presented in Table 2.15 and we 

found that the treatment and control groups have statistically indistinguishable 

demographic properties before manipulation. 

Table 2.15. Randomization Check: Comparison of Treatment and Control Groups  
Manipulation Variable Mean  StdErr t-value   p-value  
Control  Gender    0.66 0.072   
Codifiability Gender 0.73 0.071 -0.65 0.520 
Flexibility Gender 0.68 0.075  -0.15 0.879 
Quality  Gender 0.70 0.070 -0.45 0.652 
Quantity  Gender 0.60 0.084 0.54 0.594 
      
Control  Age Group  1.45 0.089   
Codifiability Age Group 1.50 0.095 -0.35 0.727 
Flexibility Age Group 1.43 0.087  0.24 0.813 
Quality  Age Group 1.34 0.086 0.92 0.360 
Quantity  Age Group 1.48 0.095 -0.24 0.812 

Second, we examined the effects of the three dimensions (codifiability, flexibility, 

outcome standards) of the project description on participants’ bidding behaviors, i.e., bid 

likelihood (analogous to the number of bids examined in the main analyses), bid price, 



 52 

and skill proficiency (as a measure of bidder quality). Specifically, we explore the 

variations in these bidding behaviors that were induced by the three dimensions, 

comparing the average behaviors in the treatment and control groups.  

Table 2.16. The Effect of Three Dimensions of Project Description on Whether or 
not Bid on the Project 

Manipulation Variable Mean  StdErr t-value   p-value  
Control  Whether_Bid  0.67 0.074   
Codifiability Whether_Bid 0.43 0.079 2.24 0.028 
Flexibility Whether_Bid 0.58 0.079  0.85 0.398 
Quality  Whether_Bid 0.50 0.076 1.57 0.120 
Quantity  Whether_Bid  0.65 0.081 0.09 0.931 
Control  Bid_Amount 15.84 0.782   
Codifiability Bid_Amount 17.63 1.040 -1.39 0.172 
Flexibility Bid_Amount 17.89 0.692  -1.90 0.065 
Quality  Bid_Amount 16.00 1.208 -0.11 0.910 
Quantity  Bid_Amount 18.21 0.775 -2.15 0.037 
Control  Skill Proficiency  0.61 0.09   
Codifiability Skill Proficiency 1.00 0 -3.24 0.002 
Flexibility Skill Proficiency 0.77 0.09  -1.24 0.221 
Quality  Skill Proficiency 0.87 0.07 -2.14 0.037 
Quantity  Skill Proficiency 0.86 0.07 -2.05 0.046 

We compared different groups using two-sample t-tests (see Table ). Results 

indicate that the group with high codifiability, on average, attracts a smaller number of 

bids than the control group (p=0.028). In addition, the group with high flexibility, on 

average, attracts a higher amount of bid than the control group. Also, the group with a 

high quality and quantity standards, on average, attract higher quality of bidders than the 

control group. These results confirm our expectations and are in line with our prior 

empirical results. 

Third, we estimated the average treatment effects using regression analyses, 

which could produce the estimates with higher precision than pairwise t-tests (Duflo et al. 

2007). We conducted logistic regression for two dependent variables, bid likelihood and 

skill experience, since they are binary variables, and ordinary least square for the variable 

bid price. Specifically, we included project category fixed effects and a group of control 

variables (i.e., age and gender) to account for the heterogeneity of each participant. Table 
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13 presents the estimation results, which are in line with our prior analyses. Specifically, 

codifiability results in lower bid likelihood; flexibility results in higher bid price; quality 

standards result in lower bid likelihood but higher quality of bids, and quantity standards 

result in higher quality of bids. 

Table 2.17. Regression Analysis for the Average Treatment Effects 
 (1) Logit  (2) OLS  (3) Logit  
Dependent Variables  Bid Likelihood  Bid Price Skill Experience 
Codifiability -1.211*** 0.689 1.083 
 (0.407) (1.125) (0.662) 
Flexibility -0.642 2.019** 0.656 
 (0.395) (0.803) (0.572) 
Quality -0.814** 0.606 1.269** 
 (0.399) (1.135) (0.602) 
Quantity -0.607 1.666 1.740** 
 (0.402) (1.038) (0.723) 
Constant 1.409*** 16.592*** 2.060*** 
 (0.417) (0.753) (0.623) 
    
Observations 300 153 162 
Controls Yes Yes Yes 
Category FE Yes Yes Yes 
Adjusted R-squared (Pseudo R2) 0.054 0.077 0.140 

Robust standard errors in parentheses (*** p<0.01, ** p<0.05, * p<0.1) 

 

2.6 Discussion 
2.6.1 Key Findings 

In this study, we focused on the role of project descriptions in CFBs in enhancing 

matching efficiency in online labor markets. Drawing from transaction cost economics 

and IT outsourcing, we identified three key dimensions of project descriptions—

codifiability, flexibility, and outcome standards—and subsequently analyzed their 

respective role in affecting matching efficiency between employers and service providers. 

To capture the underlying mechanisms of these relationships, we further explored the 

mediating role of three bid variables—number of bids, average price of bids, and average 

quality of bids—between the three dimensions of project descriptions and matching 

efficiency. Our results are summarized in Table 14. First, codifiability in project 

descriptions is associated with a 54% increase in the odds of reaching a contract. This 
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effect is partially mediated by the reduced number of bids received by the project, which 

may reduce employers’ bid evaluation costs. Second, flexibility in the project description 

of the CFB is associated with a 15% decrease in the odds of reaching a contract. 

Specifically, the negative effect is due to the higher average price of bids received by a 

project, which reduces the probability that the employer selects a winning bid from any 

service provider. Third, clear outcome standards are associated with a 32% increase in 

the odds of awarding a contract. The positive effect is mediated by a lower number of 

bids and a higher average quality of bids. Both mediators lead to higher contract award. 

Table 2.18. Summary of Hypotheses Testing 
Hypothesis  Results  

H1: Higher codifiability à higher contract award 
H1a1: Higher codifiabilityà lower number of bids à higher contract award 
H1a2: Higher codifiabilityà higher number of bids à higher contract award 
H1b: Higher codifiabilityà quality of bids à higher contract award 

(1) Supported 
(1a1) Supported 
(1a2) Not Supported 
(1b) Not Supported 

H2: Higher flexibility à lower contract award 
H2b: Higher flexibility à higher price of bids à lower contract award 
H2c: Higher flexibility à lower quality of bids à lower contract award 

(2) Supported 
(2b) Supported 
(2c) Not Supported  

H3: Outcome standards à higher contract award 
H3a: Higher outcome standards à lower number of bids à higher contract award  
H3b: Higher outcome standards à higher quality of bids à higher contract award 

(3) Supported  
(3a) Supported 
(3b) Supported 

In terms of economic effects, low matching efficiency has been a major challenge 

for two-sided platforms, such as online dating sites (e.g., Match), gig platforms (e.g., 

TaskRabbit), and housing services (e.g., Airbnb). Both early (e.g., Snir and Hitt 2003) 

and more recent studies (e.g., Hong and Pavlou 2017) on online labor markets have 

shown that contract award rate is constantly around 40% (Yoganarasimhan 2013, Zheng 

et al. 2015). Our results suggest that, combining the three dimensions together, properly 

written project descriptions may lead to 15.3% higher matching efficiency for these 

platforms, specifically online labor markets in our context. This in turn reduces service 

providers’ bidding cost by helping them to evaluate the project requirements and reduces 
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employer’s evaluation costs by regulating the behaviors of service providers. Based on 

the platform profits reported by Freelancer.com in 20188, our estimates suggest that 

properly written project descriptions increase total platform profits by $10.3 million.  

2.6.2 Contributions and Implications for Theory  
This study makes two primary theoretical contributions. First, it contributes to this 

burgeoning body of research on online labor markets that examines factors influencing 

matching efficiency from the employer perspective by analyzing how project descriptions 

affect contract awarding. Although the textual content of project descriptions contains 

useful information about project requirements and employer expectations, it has not been 

adequately examined in the literature. Using a combination of content analysis and 

machine learning methods, we examine unstructured data in large scale and quantify the 

underlying dimensions of project description in CFBs. Our study shows that a project 

description with detailed procedures and clear outcome standards may facilitate contract 

awarding, while a project description with flexible provisions may inhibit matching. 

Critically, the Bayesian mediation analysis explores and identifies the underlying 

theoretical mechanisms and provides insight into how to design the “right” project 

descriptions to help employers to attract fewer, albeit more qualified service providers 

who offer lower price bids, reducing the employer’s bid evaluation cost, thereby 

increasing the employer’s surplus. In these cases, the employer would be more likely to 

select a service provider, increasing matching efficiency of online labor markets. 

Moreover, our study helps reduce the information asymmetry problem of the two-sided 

platforms from the demand side. Extending prior literature that has mostly examined 

 
8 https://www.freelancer.com/about/investor-
pdf.php?id=78095775&name=FLN%202018%20Financial%20Report%20v13%20clean%20FINAL3 
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various supply-side factors, such as the service provider’s reputation, we focus on how 

employers could use different project descriptions to attract different service providers 

and in turn influence the final matching efficiency of online labor markets.  

Second, our study contributes to the IT outsourcing literature by incorporating the 

unique characteristics of online labor markets into their contract design. Online labor 

markets are increasingly used for the outsourcing of small-scale IT services. Compared to 

traditional IT outsourcing, online labor markets bring novel challenges because of their 

(reverse auctions) design, the lack of effective screening mechanisms, a large number of 

bids that projects generally receive, the diverse backgrounds of service providers, and 

high information asymmetry. While the IT outsourcing literature has focused on post-

contract outcomes, such as output quality and employer satisfaction, our study 

contributes to this literature by examining the service providers’ bidding behavior and the 

matching between the employer and service providers. Specifically, this study explores 

the key dimensions of IT service contracts in the context of online labor markets and 

describes how to use different contract structures to attract appropriate service providers 

and in turn achieve matching and improve market efficiency. We show that codifiability 

and outcome standards have a positive effect on matching efficiency by alleviating the 

excessive bids problem and attracting higher quality bids, which suggests that detailed 

procedures and clear outcome standards could serve as a screening mechanism to regulate 

service providers’ bidding behavior. Interestingly, flexibility, which is an essential 

contract structure in the IT outsourcing literature, has a negative effect on matching 

efficiency by increasing the average price of bids, which suggests that setting a flexible 

project period and open-ended budget may increase the service providers’ perceived 
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uncertainty for completing the highly-customized, short-term, and small-scale IT projects 

in the online labor markets, thus raising their price bids and reducing contracting.  

2.6.3 Contributions and Implications for Practice  
Our research also provides practical implications. For employers, the findings 

shed light on how to write project descriptions to find appropriate service providers. 

Many employers lack knowledge and formal training of writing a good project 

description. Our findings provide them direct guidelines of what should be covered in the 

descriptions, which help them find appropriate service providers more efficiently and 

increase their total surplus. For service providers, our findings help them better 

understand the structure of project descriptions so as to bid on projects that they have a 

higher probability of winning, thus reducing their search and negotiation costs. Our 

results help service providers with different backgrounds to understand the employer’s 

requirements and expectations and guide their bidding behavior.  

Our results also provide implications for platform owners to provide guidelines to 

assist employers to write effective project descriptions to reduce description uncertainty, 

which may increase contracting and the matching efficiency on their platforms. The 

platforms could provide suggestions for employers to include key dimensions (e.g., 

project procedures) in the project descriptions of their CFBs, and design screening 

mechanisms for service providers to reduce the employers’ bid evaluation cost and 

improve the overall matching efficiency of their platforms. It is worth noting that, the 

focal platform takes 13% of payments for matched projects as its “finder’s fee,” which 

serves as the main revenue of the platform. Therefore, the success and sustainability of 

the platforms depend on how efficient employers can match with service providers. The 

increased matching efficiency can thus directly lead to higher platform revenue. In sum, 
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our study provides ways to reduce market frictions and facilitate the matching process, 

which significantly increases the overall surplus of the employer, service providers, and 

the platform.  

2.6.4 Limitations and Suggestions for Future Research 
Our study is subject to several limitations. First, the study utilizes observational 

(archival) data instead of experimental data because we cannot randomly assign different 

levels of codifiability, flexibility, and outcome standards to each project description. 

Although our analyses include a comprehensive set of control variables and we 

conducted several econometrics methods to ensure the robustness of the results, we 

cannot be certain about causality. Future research can use datasets from different periods 

or additional online labor markets to validate our results or include other potential factors 

that may affect contracting and matching efficiency, which will increase our estimation 

efficiency and inference of causality.  

Second, our main independent variables—codifiability, flexibility, and outcome 

standards —are developed through a machine learning algorithm, doc2vec. Although 

doc2vec has an accuracy improvement in the quality of the learned document 

representations compared with previous algorithms such as recursive neural network and 

word vector averaging, the prediction accuracy cannot achieve 100%. Future studies 

could utilize other algorithms to further improve the prediction accuracy.  

Third, our data are obtained from a single platform (online labor market), which 

may make it appear that our results are limited in their generalizability. However, we 

expect our results to generalize to other online labor markets since our focal market is 

one of the largest markets in the world, and many other major online labor markets 

operate in a similar fashion (e.g., Upwork). Future research can examine other online 
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labor markets to verify the generalizability of our findings. Finally, our results offer new 

insights into other online two-sided platforms that faced the long-held challenge of 

matching efficiency, such as online lending markets (e.g., Prosper.com) and online dating 

websites (e.g., Match.com). Future studies could use the methods used in this study to 

analyze the impact of different unstructured textual descriptions on the respective 

platform’s matching efficiency.  

Fourth, our study examines matching efficiency (i.e., contract award) as the main 

outcome variable. We acknowledge that there are other possible outcome variables such 

as employer satisfaction and cancellation rate. Our study mainly focuses on the matching 

efficiency since it is a big challenge due to the uniqueness of these online platforms such 

as diverse background of participants and the exacerbated information asymmetry. Future 

studies could explore the impact of project descriptions on other possible matching 

outcomes of the online labor markets.  

2.6.5 Concluding Remarks 
Low matching efficiency is one of the major challenges faced by online labor 

markets and other popular two-sided platforms, which reduces the surplus for service 

providers, employers, and online labor markets and other two-sided platforms. Our study 

provides ways to alleviate this problem by focusing on the role of project descriptions 

written by employers in CFBs to solicit service providers. While the previous literature 

on online labor markets has examined several factors that influence matching efficiency, 

as we summarize in our literature review, our study extends this literature by focusing on 

the project descriptions provided by employers. Building on the IT outsourcing literature 

and integrating the novel characteristics of online labor markets, we theorize the role of 

key dimensions of IT contract in the new context and empirically test the hypotheses 
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using a rich individual-level dataset from a major online labor market (Freelancer). We 

show that the “right” project descriptions can help the project to attract fewer, albeit 

lower-priced bids from higher quality service providers, on average, which reduces the 

employer’ bid evaluation costs, and in turn facilitates matching. Our study offers new 

insights into enhancing the unstructured data to improve matching efficiency in online 

labor markets. Methodologically, we combined content analysis and machine learning to 

uncover the textual dimensions in the project descriptions of CFBs, which resolves the 

difficulty in extracting features from large-scale textual data. The use of the Bayesian 

mediation analysis allowed us to explore more deeply the underlying theoretical 

mechanisms by which project descriptions affect matching efficiency. We hope that the 

current methodological approaches with the combination of machine learning techniques 

and Bayesian mediation analysis provide a direction for both researchers and 

practitioners to explore the rich textual data generated from online markets to achieve a 

better understanding of the meaning of unstructured textual data. 



 61 

CHAPTER 3 

ESSAY2: CREATION OR DESTRUCTION? STEM OPT EXTENSION AND 

EMPLOYMENT OF INFORMATION TECHNOLOGY PROFESSIONALS  

 

ABSTRACT  

Information technology (IT) professionals play an important role in firms' IT 

investments, technology formation, development, and innovation, contributing to 

economic growth in the U.S. The use of temporary work visas and related immigration 

policies that import foreign IT professionals has attracted a significant controversy and 

policy debates in the U.S. On the one hand, foreign IT professionals may complement 

domestic IT professionals by facilitating local innovation and expanding local 

employment. On the other hand, foreign professionals may substitute the domestic 

counterparts by intensifying labor-market competition, leading to a decrease in wage or 

even crowding-out of domestic IT professionals. In this study, we focus on an extension 

in the Optional Practical Training (OPT) program for graduates in science, technology, 

engineering, and mathematics (STEM) from U.S. institutions, a policy change which 

greatly increases the supply of foreign IT professionals in local labor markets. 

Specifically, we explore (1) the effects of the OPT extension on the number and wage of 

domestic workers in STEM occupations and (2) how the effects may differ between IT 

and non-IT STEM occupations. We test the effects using a novel and rich dataset that is 

merged from several sources and use a difference-in-differences model to bring 

identification. Our results demonstrate that an increase in the supply of foreign IT 

professionals as a result of the OPT extension boosts employment for domestic IT 
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professionals through innovation and entrepreneur activities. This study contributes to the 

information systems, labor economics, and public policy literature by quantifying the 

impacts of a policy change on the supply and return of IT professionals and provides rich 

implications for policymakers.  

3.1 Introduction 

Skilled information technology (IT) professionals play a critical role in the U.S. 

economy by facilitating technology formation, development, and innovation (Bresnahan 

et al. 2002; Kleis et al. 2012; Mithas and Krishnan 2008). The growth in the information 

economy and digital business exacerbates the need for skilled IT professionals (e.g., Ang 

and Slaughter 2001, Mithas et al. 2011). To address the shortage of IT professionals (Ang 

et al. 2002), the U.S. government uses temporary work visa programs (e.g., H-1B) and 

related immigration policies to allow foreign high-skilled workers to enter the U.S. labor 

market. These working visas and related policies have been a controversial topic for 

policy debates (e.g., Kerr et al. 2015). On the one hand, the supply of foreign 

professionals may reduce the shortage for high-skilled workers, help firms gain 

competitive advantages, and promote overall economic growth (Peri et al. 2015). This 

may even generate a spillover effect by expanding the employment of domestic workers 

(e.g., Audretsch and Feldman 1996). On the other hand, foreign high-skilled workers may 

reduce firms’ internal labor costs and potentially displace domestic workers (e.g., Hira 

2010, Matloff 2013). Thus, it is important for policymakers to understand the impact of 

foreign high-skilled professionals on domestic labor markets.  

Seeing that the supply of foreign high-skilled workers is highly dependent on 

federal immigration policies and legislative actions (Mithas and Lucas 2010), the goal of 

this study is to examine how one of these immigration policies—an extension in the 
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Optional Practical Training (OPT) program for foreign students in science, technology, 

engineering and mathematics (STEM) majors—affects local labor markets. OPT is a 

temporary employment program that allows foreign students with F-1 student visas to 

work in the U.S. after completing their academic studies, so that they can get practical 

training related to their field of study.9 Before 2008, eligible foreign students could 

apply for up to 12 months of OPT employment authorization. In 2008, this temporary 

employment period was extended to 29-month for foreign students in STEM-related 

majors and was further extended to 36-month in 2016.  

The STEM OPT extension policy, which provides flexibility for foreign students 

to work in the U.S. and thus increases the supply of foreign high-skilled workers, is likely 

to significantly influence local labor markets. Hence, we aim to assess the effect of the 

STEM OPT extension on the employment of domestic workers in IT and other STEM 

occupations. We also examine whether IT occupations are affected by the policy 

differently from other STEM occupations. In particular, we ask the following research 

questions:  

1) What are the effects of the STEM OPT extension on the employment (i.e., number and 

average wage) of domestic workers and all workers (domestic and foreign combined) 

in the local labor markets?  

2) How do the above effects differ by occupations (IT vs. non-IT STEM)?  

To examine the effect of the STEM OPT extension, we build upon the literature 

on IT human capital (Ang and Slaughter 2001, Mithas and Lucas 2010) and labor 

 
9 For more information about OPT, please refer to the USCIS website: https://www.uscis.gov/opt (accessed March 26, 
2019). 
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economics (Boh et al. 2007, Borjas 1989, Friedberg and Hunt 1995). Specifically, we 

propose two opposing effects—substitution and complementarity—of the STEM OPT 

extension, an exogenous shock that increases the number of foreign STEM workers, on 

the employment of domestic workers. In particular, the effects of the STEM OPT 

extension on local employment depend on the relationship between foreign and domestic 

workers. On the one hand, if foreign and domestic workers possess similar skills and 

knowledge sets, it would be indifferent for employers to hire either type of workers. As a 

result, the inflow of foreign workers may hurt the employment of domestic workers. On 

the other hand, if two types of workers possess different skills and knowledge sets, they 

may complement each other. As a result, a greater inflow of foreign workers may boost 

the demand for domestic workers. Our study further explores the unique characteristics of 

IT professionals as human capital and how these aspects come into play in the effect of 

the STEM OPT extension. IT professionals have both technology and business 

competencies, which can be applied to a majority of the firms (Bharadwaj 2000, Bapna et 

al. 2013). Furthermore, IT professionals play a central role in innovation and 

entrepreneurial activities. Hence, the introduction of the STEM OPT extension may have 

different effects for IT and non-IT STEM workers. 

To answer these research questions, we construct a novel dataset merged from 

various sources including the U.S. Census Bureau, the U.S. Citizenship and Immigration 

Service (USCIS), and the O*Net database. Our panel dataset is constructed at the 

occupation-MSA-year level. It contains detailed information about workers’ employment 

status, occupation, wage, birthplace, citizenship, education, and so on in 2005–2016. For 

identification, we exploit changes across occupations over the 2005-2016 period brought 
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by the STEM OPT extension. We use a difference-in-differences (DID) model to 

evaluate the effect of the policy on the employment of domestic workers as well as all 

workers (domestic and foreign combined). In addition, we divide STEM workers into two 

categories—IT and non-IT STEM—and explore the different effects of the policy on 

these two categories. We also conduct a series of robustness checks including a relative 

time model, alternative measures, and subsample analyses.   

Our empirical analyses yield several notable findings. First, we find that the 

extension of STEM OPT significantly increases the number of all workers, and domestic 

workers in particular, in local labor markets. This suggests that foreign high-skilled 

workers in STEM complement domestic workers in the local labor markets instead of 

substituting them. Second, we find that the positive effect of STEM OPT extension on the 

number of workers is stronger for IT occupations than for non-IT STEM occupations. In 

addition, the policy change significantly increases the average wage of domestic workers 

in IT occupations, suggesting a complementary relationship between high-skilled foreign 

and domestic professionals in IT occupations. 

We also explore the moderating effects of various geographic and occupational 

characteristics in order to uncover underlying mechanisms in the impact of the STEM 

OPT extension. First, we find that the complementary effect is stronger in sanctuary 

jurisdictions, which are more open to immigrants and therefore can attract a higher 

number of foreign workers than non-sanctuary jurisdictions. Second, the complementary 

effect on domestic workers in IT occupations is stronger in metropolitan statistical areas 

(MSAs) with a higher percentage of work visa (H-1B) applicants in IT occupations. 

These two findings support our argument that an infusion of more foreign high-skilled 
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professionals has a positive effect on local employment. Third, we identify a different 

effect of population size with respect to the increased supply of foreign workers in IT and 

non-IT STEM occupations. Population positively (negatively) moderates the effects of 

STEM OPT extension on number and wage of IT occupations (non-IT STEM 

occupations), illustrating the different role that human capital plays in for IT and non-IT 

STEM workers. Fourth, our results suggest that the inflow of foreign workers with 

quantitative and analytic skills increases the number of domestic workers with 

communication and interactive skills, corroborating our theory that foreign and domestic 

IT professionals complement each other with different skillsets. Surprisingly, the OPT 

extension also increases employment of some non-STEM business occupations (e.g., 

management analysts, market research analysts) who work closely with IT professionals. 

Our study makes several contributions to the information systems (IS) and related 

disciplines. First, it contributes to the IS literature by differentiating the human capital of 

IT and non-IT STEM workers. Our study theorizes the unique role of IT professionals in 

building the business-IT relationship, facilitating innovative and entrepreneurial 

activities, and increasing labor mobility, which leads to the complementary effects of the 

STEM OPT extension on domestic IT professionals. Empirically, we test the effects of 

the STEM OPT extension on the number and average wage of IT and non-IT STEM 

workers. Our findings suggest that the inflow of skilled foreign workers complements 

domestic IT workers instead of replacing or “crowding out” them, providing new 

theoretical insights into the unique characteristics of skilled foreign IT labor. Second, our 

study contributes to the literature on labor economics by examining the effects of a recent 

immigration policy—the STEM OPT extension—on the local labor markets. Our study 
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finds that the effects of the STEM OPT extension are heterogeneous by regional and 

occupational characteristics. Specifically, the complementary effect of STEM OPT 

extension is stronger in areas that are more open to foreign workers and for occupations 

that require higher interactive skills than quantitative skills. These findings expand the 

body of knowledge on foreign high-skilled human capitals. 

Our findings have important managerial and policy implications. From a 

managerial perspective, understanding the relationship between foreign and domestic 

high-skilled workers help firms evaluate the value of foreign IT professionals and 

leverage diversity in human capitals to improve productivity and innovation capabilities. 

From a policy perspective, the finding that the STEM OPT extension has a 

complementary effect on local employment has direct implications for policymakers, and 

we urge them to formulate immigration policies based on empirical evidence rather than 

politics or ideology. 

3.2 Background and Theory 
3.2.1 Foreign STEM Workers in the United States  

The globalization of work increases the international mobility of labor, and 

developed countries are in a better position to attract high-skilled foreign workers (Mithas 

and Lucas 2010). More than 1.5 million immigrants enter the U.S. every year (Salzman et 

al. 2013). While many foreign workers have significantly lower skills than domestic ones 

(Borjas 2001), a significant percentage of immigrant workers are highly skilled, a fact 

that is of critical importance to the U.S. and other developed nations (Kerr et al. 2015). In 

this study, we focus on the impact of foreign high-skilled workers (with a bachelor’s 

degree or above) in STEM occupations. 
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One major path for high-skilled foreign workers to enter the U.S. labor market is 

through education and temporary work visas (Borjas 2005). Figure 3.1 outlines a typical 

path for foreign students to enter the U.S. labor market (Salzman et al. 2013). Foreign 

students graduating from U.S. institutions are eligible to apply for Optional Practical 

Training (OPT) to work in the U.S. The OPT program is a type of temporary employment 

authorization that allows foreign students with an F-1 student visa to work after 

completion of their academic studies, so that they get practical training related to their 

field of study. During the OPT period, employers could sponsor H-1B visas for foreign 

employees. Then, foreign workers with H-1B visas could apply for permanent residency 

(“green card”), which is a prerequisite for the U.S. citizenship application (Doran et al. 

2014). 

Figure 3.1. A Typical Path for Foreign Workers to Enter the U.S. Labor Market 

 
Table 3.1. Changes in STEM OPT Periods 

OPT Extension   Before 2008 April 2008 2011 2012 March 2016 

OPT Period  12-month 29-month 
extension 

29-month 
extension 

29-month 
extension 

36-month 
extension 

Occupations All 
occupations 

100 STEM 
occupations   

147 STEM 
occupations 

163 STEM 
occupations 

163 STEM 
occupations 

Notes: Detailed STEM occupations are listed in Appendix G. 

Table 3.1 presents the detailed OPT extension changes and the affected 

occupations.10 Before 2008, eligible foreign students could apply for up to 12 months of 

OPT employment authorization. Since 2008, this temporary employment period was 

 
10 http://www.pewglobal.org/2019/01/22/majority-of-u-s-public-supports-high-skilled-immigration/ 
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extended to 29-month for those in STEM-related majors, and it was further extended to 

36-month in 2016.  

The STEM OPT extension has increased the supply of foreign workers in two 

ways. First, this policy provides foreign students more time and flexibility to look for 

jobs or work in the U.S. OPT does not require the graduates to have a job offer to apply, 

and they could work for different employers during the period. Hence, extending this 

temporary employment period increases their chance to find permanent jobs. Second, the 

OPT extension attracts a greater number of prospective foreign students to enroll in U.S 

schools. Figure 4.2 shows that the number of foreign students graduating from U.S. 

colleges and obtaining OPT to work in the U.S. has been consistently growing after the 

OPT period was extended, and this increase is more salient for STEM fields than it is for 

non-STEM fields.  

Figure 3.2. Number of Foreign College Students Staying and Working in U.S. After 
Graduation 

 
           Sources: Pew Research Center analysis of U.S. Immigration and Customs Enforcement data11 
 
 
 
 

 
11 http://www.pewglobal.org/2018/05/10/number-of-foreign-college-students-staying-and-working-in-u-s-after-
graduation-surges/ 
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3.2.2 Foreign High-Skilled Workers and Local Labor Market Outcomes  
The labor economics literature has examined various ways that foreign high-

skilled workers affect local labor markets, as well as the relationship between foreign and 

domestic workers (e.g., Kerr and Lincoln 2010, Peri et al. 2015). One stream of research 

argues that the inflow of high-skilled foreign workers substitutes domestic workers (e.g., 

Friedberg and Hunt 1995, Matloff 2013). There are two possible explanations for such an 

effect. First, an increase in the supply of foreign workers intensifies labor-market 

competition and suppresses overall wages. For instance, Borjas (2006) finds that the 

increased supply of foreign workers reduces the wage of domestic workers. Second, the 

labor cost of foreign workers is often lower than that of domestic workers, allowing firms 

to minimize their internal labor costs (e.g., Hira 2010). For instance, Matloff (2013) finds 

that firms pay high-skilled foreign workers 15%-33% less than “comparable” U.S. 

professionals. Thus, an increase in incoming foreign high-skilled workers in STEM may 

“crowd out” domestic workers or even discourage prospective domestic workers from 

pursuing STEM-related fields in the long-run (e.g., Borjas 2005).  

In contrast, another stream of literature argues that foreign workers complement 

the demand for domestic workers since they possess a different set of skills and 

knowledge. A number of studies demonstrate that an inflow of high-skilled foreign 

workers facilitates innovation and enhances productivity, expanding the size of labor 

markets (e.g., Kerr and Lincoln 2010, Peri et al. 2015). Prior studies show that foreign 

workers’ science and engineering skills are a good remedy for local labor shortages (e.g., 

Mayda et al. 2017, Peri et al. 2015). Kerr and Lincoln (2010) find that a 10% growth in 

H-1B workers is associated with a 0.3%-0.7% increase in the total number of inventions. 

In addition, studies show that having diverse labor forces with different cultural 
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backgrounds is related to higher regional innovation activities (e.g., Parrotta et al. 2014). 

According to the view of agglomeration economies (e.g., Kerr 2010, Rosenthal and 

Strange 2001), increased innovation and productivity growth in an area attract more firms 

to locate nearby and in turn expand the demand for local workers in the area (Kerr and 

Lincoln 2010). For instance, studies find that an increased number of high-skilled foreign 

workers is associated with growth in total local productivity (e.g., Peri et al. 2015, 

Saxenian 2002).  

Building on the labor economics literature, our study theorizes the impact of 

foreign IT workers on local labor markets. While the majority of studies in this stream of 

research focus on high-skilled foreign workers in general (e.g., Borjas 2005), our study 

extends this literature by focusing on the unique aspects of IT human capital in the 

relationship between foreign and domestic workers. 

3.2.3 Unique Value of IT Human Capital – How IT Workers Differ from Non-IT 
STEM Workers? 

The IS literature has demonstrated the crucial value of IT professionals in firm 

productivity and economic growth (e.g., Aral et al. 2012, Han et al. 2011, Tambe and Hitt 

2012). Prior IS studies (e.g., Bassellier and Benbasat 2004, Bharadwaj 2000) propose two 

types of unique competences of IT professionals—technical and business competences—

that distinguish IT professionals from other STEM workers fundamentally (Josefek and 

Kauffman 2003). Technical competence refers to technical knowledge and skills that 

enable IT workers to design and maintain information systems (Preiser-Houy 2000). 

Business competence refers to business-specific knowledge and interpersonal skills that 

enable IT workers to understand business domains and communicate with their business 

partners (Bassellier and Benbasat 2004). Business domain knowledge enables IT workers 
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to see the “big picture” of IT in an organization (Bassellier and Benbasat 2004), and 

interpersonal and management knowledge enables them to develop knowledge network 

and participate in social interactions . Hence, it is costly for firms to replace IT workers 

with strong technical and business competences, which makes IT human capital uniquely 

valuable (Barney 1991).  

IT professionals are different from other non-IT STEM professionals in three 

ways. First, IT human capital can be utilized by almost all firms and is valuable to 

virtually all industries. IT workers have both general and firm-specific experience 

(Josefek and Kauffman 2003). General IT work experiences, which include knowledge of 

programming languages, database, and telecommunication technologies, are standard and 

valuable to the majority of firms. Firm-specific IT experiences, such as knowledge of a 

firm’s control processes or specific software development methodology, are also valuable 

to other firms since IT professionals could bring diverse and new knowledge that the 

other firms do not have (Mithas and Krishnan 2008). Hence, IT professionals have higher 

flexibility to move among firms locally (Dahl and Sorenson 2010). By comparison, a 

labor market is less flexible for many non-IT STEM occupations (e.g., biochemists, 

aerospace engineers) than for IT professionals. For instance, biochemists mainly work in 

pharmaceutical or biotechnology industries. Aerospace engineers are unlikely to have 

much value to industries other than the aerospace. On the other hand, IT professionals 

could work in both IT (e.g., software and hardware) and non-IT industries (e.g., banking 

and insurance).  

Second, IT human capital plays an important role in building the IT-business 

relationship (Bassellier and Benbasat 2004), which in turn helps firms grow and gain 
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competitive advantages (Aral et al. 2012). IT workers with business competence can 

better understand business domains, partners in business units, and key strategic planning 

processes (Reich and Benbasat 2000) and build a successful relationship with business 

units (Gorgone et al. 2003). For instance, extant studies find that IT professionals’ 

business competence significantly influences their intentions to develop and strengthen 

partnerships with their clients (Bassellier and Benbasat 2004; Reich and Benbasat 2000). 

Hence, a strong IT human capital that facilitates the business relationship building 

promotes firms’ growth and expansion, which may in turn increase local employment. In 

other words, skilled IT professionals have greater opportunities to directly contribute to 

firms’ bottom lines than other non-IT STEM professionals. 

Third, IT human capital facilitates product and process innovations (e.g., Kleis et 

al. 2012, Wu et al. 2018), which lead firms to devote more resources to R&D that expand 

local employment (Kerr and Lincoln 2010). Prior literature contends that a firm’s R&D 

capital is largely embodied by its human capital (e.g., Banker et al. 2008, Chan et al. 

2007). High-skilled IT workers directly contribute to the firm’s innovation capabilities 

and facilitates the innovation activities of other STEM workers (e.g., scientists, 

engineers) (Chan et al. 2007, Kleis et al. 2012). For example, IT professionals create 

infrastructures for capturing and sharing knowledge needed for innovation processes such 

as search engines and data mining techniques (Nerkar and Paruchuri 2005), help firms 

generate new product ideas through customer relationship management systems (Mithas 

et al. 2005), and provide networks and communication applications to enable 

collaboration of geographically dispersed teams (Forman and van Zeebroeck 2012). 

Particularly, rapid development in IT and the rise of the Internet and web-based 
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businesses make the role of IT in the innovation process more important than ever before 

(e.g., Ang et al. 2002). Kleis et al. (2012) finds that a 10% increase in IT investments is 

associated with a 1.7% increase in innovation output.  

In sum, the unique aspects of IT professionals as a human capital distinguish them 

from other non-IT STEM professionals. Building on this line of the literature, our study 

explores the impact of unique human capital characteristics in foreign IT professionals. 

Based on economic theories that examine high-skilled human capital (e.g., Borjas 1989, 

Friedberg and Hunt 1995), we propose two opposing effects of the STEM OPT 

extension—complementary and substitution. 

3.2.4 Substitution Effects of an Increased Supply of New Foreign IT Workers 
Foreign IT professionals substitute the need for domestic IT workers if they 

possess similar skills, as employers should be indifferent to hiring either type of workers 

for a given position (Mithas and Lucas 2010). The STEM OPT extension is a supply 

shock that brings a greater number of foreign IT professionals to local labor markets. 

However, it does not mean that it opens a door for U.S. employment for any foreign 

workers. Rather, the OPT program serves as a restrictive screening process that brings 

high-skilled workers (Kerr et al. 2015), as it only applies to foreign students who have 

earned a bachelor’s degree or higher in U.S. institutions, and they can stay in the U.S. 

only if they find an employer in fields related to their majors.12 Hence, only high-skilled 

and capable foreign workers can be hired and work in this process (Mayda et al. 2017), 

while low-skilled workers are unlikely to qualify. These foreign IT professionals are 

strong competitors to domestic IT workers in local labor markets. Therefore, an increase 

 

12 https://www.uscis.gov/working-united-states/students-and-exchange-visitors/students-and-employment/stem-opt 
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in the supply of high-skilled foreign IT professionals, brought by the STEM OPT 

extension, may reduce employment opportunities for domestic IT professionals and drive 

down wages for all IT occupations. 

3.2.5 Complementary Effects of an Increased Supply of New Foreign IT Workers 
Foreign IT professionals complement the demand for domestic IT professionals if 

they possess different skills or if they increase the overall demand for IT professionals in 

the labor market. We here discuss the unique human capital characteristics of foreign IT 

professionals that play a role in expanding the labor market of IT workers. In this way, 

the STEM OPT extension can increase the employment and wage of domestic IT 

professionals. 

First, foreign IT professionals possess knowledge and cultural backgrounds 

outside the U.S., which help firms build business relationships with overseas 

operations/partners for global expansion and competitive advantages (Bassellier and 

Benbasat 2004). Thanks to the strict screening process, these new foreign IT workers are 

highly skilled and can contribute to relationship building by developing, operating, and 

supporting enterprise systems that enable successful interactions with overseas operations 

(Bharadwaj 2000). Specifically, foreign IT professionals have advantages in 

understanding foreign clients or vendors requirements, which further facilitate the 

relationship with overseas partners and exploit new global business opportunities (e.g., 

Bassellier and Benbasat 2004, Gorgone et al. 2003). In addition, foreign IT professionals 

are often willing to travel and work overnight, providing flexibility for firms to manage 

their human resources (Krishna et al. 2004; Levina and Kane 2009) and enhancing the 

productivity (Gorgone et al. 2003). With international expansion and growth, firms need 

more domestic IT professionals to transfer IT knowledge and connect with IT workers 
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from different geographic locations (Espinosa et al. 2007). Hence, foreign IT 

professionals can increase the need for domestic IT professionals.   

Second, foreign IT professionals generate higher labor diversity, which promotes 

innovative activities by enlarging breadth of knowledge, fostering the diffusion of 

knowledge, and providing better problem-solving methods and valuable ideas (e.g., 

Berliant and Fujita 2009, Bonin 2017). Foreign IT professionals can expand the role of IT 

in innovation activities by providing business and social knowledge outside the U.S. 

(e.g., Berliant and Fujita 2009, Bonin 2017). Thus, the increased number of foreign IT 

professionals can lead to employment of more domestic IT professionals for 

collaboration in innovation activities. Furthermore, based on the view of agglomeration 

economics (e.g., Duranton and Puga 2004), increased innovative activities in an area can 

generate spillover effects and attract more firms to locate nearby to benefit from the 

positive effects, leading to an increase in demand for domestic IT professionals.  

Third, foreign IT professionals are more likely to take risks, have stronger 

motivations, and can learn and adapt to new situations more quickly (Bonin 2017), 

leading to more vibrant entrepreneurial activities. Mithas and Lucas (2010) contend that 

people who choose to migrate need to overcome a series of challenges caused by 

differences in culture and environments. Hence, migration to seek better work 

opportunities has been touted as an important aspect in human capital (Schultz 1961). 

Prior studies show that foreign high-skilled workers carry more skills necessary to 

become a successful entrepreneur such as the willingness to take risks and learn new 

skills (Duleep et al. 2012). For startup entrepreneurs, capable IT human capital is an 

important resource to boost the chance of survival (Melville et al. 2004). A survey of 
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high technology startups shows that 25% of the new high-tech companies founded 

between 1995 and 2005 have at least one immigrant founders in Silicon Valley (Wadhwa 

et al. 2008). Hence, the inflow of foreign IT workers may increase entrepreneurial 

activities and in turn expand the demand for domestic IT workers.   

In sum, our study theorizes two opposing effects of the STEM OPT extension on 

the local employment—substitution and complementary. In addition, we propose that 

owing to the unique human capital aspects of IT professionals, the effects of the STEM 

OPT extension may differ for IT and other STEM workers. IT human capital can be 

leveraged by the majority of firms, and foreign IT workers facilitate business-IT 

relationship building, enable international expansion, promote innovation, and boost 

entrepreneurial activities. Hence, if the STEM OPT extension complements the number 

and wage of the domestic workers, such effects would be stronger for IT than other 

STEM occupations.  

3.3 Empirical Analysis  
3.3.1 Data  

We construct a longitudinal dataset (2005-2016) from four major sources. First, 

we acquire local employment information from the Integrated Public Use Microdata 

Series (IPUMS) from the U.S. Census Bureau, the largest publicly available census of 

individual-level microdata in the U.S. The dataset includes individual-level information 

about employment status, occupation, wage, income, location, birthplace, citizenship, 

education, and race. This micro-level dataset covers 1% of the U.S. population each year. 

This dataset has been widely used in the labor economics (e.g., Kerr and Lincoln 2010) 

and the IS literature (e.g., Burtch et al. 2018) to explore issues related to immigration and 

local employment. Second, we obtain MSA-level demographic data from the American 
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Community Survey. Third, we obtain detailed information on the STEM OPT extension 

and associated STEM occupations (Table 3.1) from the USCIS. Lastly, we obtain data on 

occupational skills and abilities from O*NET Database. Table 3.2 outlines the detailed 

sources and the corresponding variables used.13 

In total, our dataset contains 490 occupations in 290 MSAs that have been 

consistently identified in the 12-year panel period (2005–2016). The unit of analysis is at 

the occupation-MSA-year. We divide occupations into three categories— (1) non-STEM 

occupations as a control group, (2) IT and (3) non-IT STEM occupations as treatment 

groups. The STEM occupations are based on information provided on the USCIS 

website.14 Following Mithas and Lucas (2010), we categorize 13 occupations as IT 

occupations.15 We classify workers’ nationality based on the country of birthplace. 

Specifically, we classify people who are U.S. citizens at birth as domestic workers. All 

others who were not born as citizens are classified as foreign workers.16  

Table 3.2. Data Sources  
Sources Variables  

Integrated Public Use Microdata Series 

Current Population Survey (IPUMS) 

Local employment (occupation, number, average 

wage, and nationality) 

American Community Survey  MSA-level demographic information (e.g., population)  

U.S. Citizenship and Immigration Service  OPT extension policies and STEM occupations 

O*NET Online  Occupation definitions and skill contents 

 

 
 
 

 
13 We dropped the observations (at MSA-occupation-year level) that do not have any workers.  
14 https://www.uscis.gov/working-united-states/students-and-exchange-visitors/students-and-employment/stem-opt 
15 The 13 categories of IT jobs include computer and information systems managers, computer and information 
research scientists, information security analysts, computer programmers, software developers (applications), software 
developers (systems software), web developers, database administrators, network and computer systems administrators, 
computer network architects, computer user support specialists, computer network support specialists, computer 
occupations (all other).   
16 https://www.census.gov/topics/population/foreign-born.html 
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3.3.2 Variable Definition  
4.3.2.1 Dependent variables. The dependent variables are the number and average 

annual wage of all workers and domestic workers. We categorize all workers into 

domestic and foreign workers, the former of whom are those who were born as U.S. 

citizens. We are primarily interested in the effects of the STEM OPT extension on all and 

domestic workers. Following prior literature (e.g., Kerr and Lincoln 2010, Peri et al. 

2015), we use the natural log to address the problem of non-normal distributions and 

interpret coefficients as a percentage change. The unit of annual wage is in the year 2016 

inflation-adjusted dollars.  

4.3.2.2Independent variables. Our main independent variable is a dichotomous 

indicator, ()*+,-./012/34, indicating whether the STEM OPT extension was applicable 

to occupation 1 in year -. Specifically, ()*+,-./012/34 equals to one for STEM 

occupations in and after the implementation year17 of the STEM OPT extension. In 

other words, the STEM occupations are in a treatment group and all other occupations are 

in a control group. We use the number of months for employment authorization by OPT 

as an alternative independent variable in a robustness check. Another independent 

variable is	5*(66789-12/3, a dichotomous indicator that equals one for IT occupations. 

We use this variable to estimate the differential effects of the STEM OPT extension on IT 

and non-IT STEM occupations.   

4.3.2.3 Control variables. In addition to the above variables, we include a set of 

MSA-level demographic and economic factors as control variables. In particular, we 

include population, educational attainment, average personal income in 2016 adjusted 

dollars, the ratio of female in population, the ratio of population not in the labor force, 

 
17 There are three implementation years – 2008, 2011, and 2012. Please see the details in Table 1.  
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unemployment rates, and gross domestic product (GDP) for each occupation. The 

detailed definition and summary statistics for the key variables are presented in Table 3.3. 

A correlation table is presented in Appendix J.  

Specifically, the control variable, GDP Occupation, is generated by combining 

two datasets—annual GDP by MSA18 and the industry-occupation matrix.19 The annual 

GDP dataset provides the measure of GDP in the MSA-industry unit, and the industry-

occupation matrix provides the percentage of employment of a specific occupation in 

each industry. We multiply these two measures to generate estimated GDP in the MSA-

occupation-year unit. This variable calculates the weighted average GDP for each 

occupation in each MSA, which serves as a good proxy for the time-varying MSA-level 

demand for each occupation and enables us to control the time-varying occupation trends 

in the local labor markets.  

 

 
18 https://www.bea.gov/data/gdp/gdp-metropolitan-area 
19 https://www.bls.gov/emp/tables/industry-occupation-matrix-industry.htm 
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Table 3.3. Summary Statistics of Key Variables 
Variables  Definition  N Mean SD Min Max 

Dependent Variables       

Number workers Total number of workers 959,988 1,841 6,751 1 375,725 

Number domestic workers Total number of domestic workers 924,748 1,425 4,661 1 276,513 

Average wage Average annual wage for all workers 917,097 43,562 36,139 1.01 773,021 

Average wage domestic Average annual wage for domestic workers 889,743 43,879 36,759 1.01 773,021 

Independent Variables       
OPT Extension  An indicator of whether the occupation is affected by the policy 959,988 0.100 0.30 0 1 

IT Occupation  An indicator of whether the occupation is IT related occupation  959,988 0.020 0.15 0 1 

Control Variables       
Population Log transformation of total population 959,988 13.23 1.15 11.41 16.82 

Income Log transformation of per capital income 959,988 10.65 0.19 10.00 11.69 

Education  Percentage of population with a bachelor’s degree or higher 959,988 0.27 0.08 0.10 0.55 

Sex Ratio Males per 100 females  959,988 96.79 3.88 86.60 140 

Age Ratio  The population not in the labor force divided by the population in 

the labor force (15-64) and multiplied by 100 959,988 60.19 7.62 34 107 

Unemployment Rate Percentage of the population unemployed 959,988 0.07 0.03 0.02 0.29 

GDP Occupation Log transformation of gross domestic product per occupation 959,988 11.24 1.58 0 16.21 

Sanctuary Jurisdictions Percentage of the areas have sanctuary laws, practices, and 

policies   

959,988 0.05 0.20 0 1 

IT Percentage  Percentage of the workers in IT occupations in all occupations  958,905 0.53 0.23 0.02 0.88 

Skill Content   Ratio of quantitative to interactive skill contents of the 

occupations  

903,486 0.90 0.11 0.59 1.22 

Related Occupation An indicator of whether the occupation is IT-related occupations 959,588 0.01 0.08 0 1 
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3.3.3 Empirical Model 
We use a difference-in-differences (DID) model to empirically test the effects of 

STEM OPT extension on the number and average wage of local workers. The primary 

benefit of this method is that it can mimic a natural experiment to examine the treatment 

effect by comparing average changes in the number and average wage of local workers 

over time for STEM occupations as compared to non-STEM occupations. Both 

economics and IS studies have extensively adopted this approach as an identification 

strategy (e.g., Angrist and Pischke 2008, Chan and Ghose 2014). Here, the STEM 

occupations are the treated group, while the non-STEM occupations are the control 

group. Eq. 1 outlines our empirical model.   

!"($)&'( = *& + ,' + -( + ./0123456"789"&( + .:;9"5<9!7'( + ='5 + >&'( (1) 

where !"($)&'( represents the log-transformed number or average wage of 

workers in occupation 8 in MSA j and year t. *&, ,', and -( represent occupation, MSA, 

and year fixed-effects, respectively, to account for unobserved heterogeneity. ./ 

captures the treatment effect of STEM OPT extension. ;9"5<9!7'( is a group of control 

variables described above for MSA ? and year 5. Further, we include ='5, an MSA-

specific linear trend of MSA j, to allow each MSA to have a different time trend in the 

sample period. We use robust standard errors clustered by MSA and occupation.  

To empirically examine the different effects of the OPT extension on IT and non-

IT STEM workers, we further include an interaction term between OPT extension and IT 

occupation, as in Eq. 2. Specifically, .@ captures the additional effects of STEM OPT 

extension on IT workers.  
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!"($)&'( = *& + ,' + -( + .A0123456"789"&(

+ .@0123456"789"&( × C20DDEFG589"& + .H;9"5<9!7'( + ='5

+ >&'(			20 

(2) 

3.3.4 Identification Strategy 
The DID model in Eq. 1 allows us to compare how the number and wage of 

workers in STEM occupations changes after the STEM OPT extension is implemented 

(as compared with non-STEM occupations). The treatment effect is estimated as the 

difference in the changes in the dependent variables across the two types of occupations. 

Specifically, we include occupation- and MSA-specific fixed-effects to control for any 

time-invariant unobservable factors. Further, the time fixed-effects control for 

unobserved temporal trends or shocks. In addition, we include MSA-specific linear time 

trends which allow for varying trajectories in employment across the MSAs.  

Although our DID model includes a series of fixed-effects and MSA-specific 

linear time trends, several concerns need to be addressed. First, it is possible that STEM 

and non-STEM occupations may follow different trends before the OPT extension, which 

may bias the estimated effects. To address this issue, we present a leads-and-lags model 

(relative time model) as a robustness check, which is to check whether there are any pre-

treatment differences in the dependent variables between the treatment and control 

groups. Second, in selecting STEM occupations, the U.S. government may have taken the 

expected increase in local employment for STEM occupations into account (e.g., self-

selection bias). However, to the best of our knowledge, the USCIS chose the STEM 

 

20 Since there are no variations about the IT occupations’ definition in the data period (2005-2016), the 
variable	C20DDEFG589" is dropped by occupation fixed-effects.  
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occupation list21 based on the Classification of Instructional Programs from the U.S. 

Department of Education.22 This rule out the possibility that the USCIS chose 

occupations based on future labor market demands. In addition, in all of our estimations, 

we control for GDP Occupation, measured as GDP for each occupation in the MSA level, 

which enables us to control for time-varying local demands of each occupation. This 

alleviates any self-selection concern and assures that the treatment variable 

(0123456"789"&() is orthogonal to the residuals. Section 3.6 presents further robustness 

checks that address the self-selection concerns. Third, the measurement errors of the 

dependent variables (e.g., number and average wage) may also lead to a biased 

estimation. It is worth noting that IPUMS contains consistent variable names, coding 

schemes, and documentation across all the samples, facilitating the analysis of long-term 

changes (Ruggles et al. 2019). It has been treated as a creditable source to examine issues 

related to local employment (e.g., Kerr and Lincoln 2010, Peri et al. 2015). In addition, 

we do not have a strong reason to believe that measurement errors in the number of 

workers and average wages from the Census Microdata are systematically different 

between STEM and non-STEM occupations. To further address the measurement error 

issue, we replicate the model using alternative data with occupation employment statistics 

from the Bureau of Labor Statistics.  

3.3.5 Main Results 
The main results are presented in Tables 3.4 and 3.5. Columns 1 and 3 of Table 

3.4 present the effects of the STEM OPT extension on the number of all workers and 

domestic workers, respectively. As seen, the STEM OPT extension is positively and 

 
21 The is accessible at: https://www.ice.gov/sites/default/files/documents/Document/2016/stem-list.pdf 
22 Detailed description of the STEM list selection is provided at 8 CFR 214.2(f) Under 8 CFR 214.2(f)(10)(ii)(C)(2), 
accessible at: https://www.nafsa.org/_/file/_/amresource/8cfr2142f.htm   
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significantly associated with the number of all and domestic workers in STEM 

occupations. The results suggest that compared to non-STEM occupations, the STEM 

OPT extension increases the number of all and domestic workers in STEM by 2.5% and 

2.2%, respectively. This finding provides credence to the complementary effect from an 

increase in the supply of high-skilled foreign STEM professionals. Columns 1 and 3 of 

Table 3.5 present the effects on average wage and do not provide evidence that the STEM 

OPT extension has significant effects on the average wage. 

Table 3.4. Difference-in-Differences Estimation of STEM OPT Extension on 
Number of Workers 

DV: ln(number of workers) (1) (2) (3) (4) 
All All Domestic Domestic  

OPT Extension 0.025*** 0.016*** 0.022*** 0.014** 
 (0.004) (0.005) (0.004) (0.005) 
OPT Extension ×	IT Occupation  0.056***  0.054*** 

 (0.010)  (0.010) 
Population -0.015+ -0.015+ -0.015+ -0.015+ 
 (0.008) (0.008) (0.009) (0.009) 
Income -0.087** -0.087** -0.134*** -0.135*** 
 (0.033) (0.033) (0.035) (0.035) 
Education  0.227** 0.227** 0.140+ 0.140+ 
 (0.078) (0.078) (0.080) (0.080) 
Sex Ratio 0.001+ 0.001+ 0.001 0.001 
 (0.001) (0.001) (0.001) (0.001) 
Age Ratio  -0.003*** -0.003*** -0.003*** -0.003*** 
 (0.001) (0.001) (0.001) (0.001) 
Unemployment Rate -0.354*** -0.354*** -0.2*** -0.543*** 
 (0.100) (0.100) (0.103) (0.103) 
GDP Occupation 0.080*** 0.080*** 0.076*** 0.076*** 
 (0.002) (0.002) (0.002) (0.002) 
Observations 959,988 959,988 924,748 924,748 
Adjusted R-squared 0.730 0.730 0.709 0.709 
Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Linear Trend MSA MSA MSA MSA 

Robust standard errors (clustered at MSA and occupation levels) in parentheses 
*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

 
Tables 3.4 and 3.5 also show that the effects of STEM OPT extension differ by 

occupations—IT and non-IT STEM. First, the STEM OPT extension has stronger effects 

on the number of workers in IT occupations than in non-IT STEM occupations for all and 
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domestic workers (Table 3.4, Columns 2 and 4). The estimates suggest that the OPT 

extension increases the number of all and domestic workers by 7.5%23 and 7% in IT 

occupations, respectively, compared with 1.6% and 1.4% in non-IT STEM occupations. 

Second, the STEM OPT extension increases the average wage of all and domestic IT 

workers by 2.7% and 2.5%, respectively, but not that of non-IT STEM occupations 

(Table 3.5, Columns 2 and 4).  

Table 3.5. Difference-in-Differences Estimation of STEM OPT Extension on 
Average Wage 

DV: ln(average wage) (1) (2) (3) (4) 
All All Domestic Domestic 

OPT Extension 0.005 0.002 0.005 0.001 
 (0.005) (0.004) (0.005) (0.005) 
OPT Extension ×	IT Occupation  0.025**  0.024* 

 (0.010)  (0.010) 
Population -0.010 -0.010 -0.009 -0.009 
 (0.008) (0.008) (0.008) (0.008) 
Income 0.205*** 0.205*** 0.205*** 0.205*** 
 (0.035) (0.035) (0.036) (0.036) 
Education  0.345*** 0.345*** 0.344*** 0.344*** 
 (0.082) (0.082) (0.085) (0.085) 
Sex Ratio -0.000 -0.000 -0.001 -0.001 
 (0.001) (0.001) (0.001) (0.001) 
Age Ratio  0.000 0.000 -0.000 -0.000 
 (0.001) (0.001) (0.001) (0.001) 
Unemployment Rate -0.582*** -0.582*** -0.603*** -0.603*** 
 (0.104) (0.104) (0.109) (0.109) 
GDP Occupation 0.023*** 0.023*** 0.022*** 0.022*** 
 (0.001) (0.001) (0.001) (0.001) 
Observations 917,097 917,097 889,743 889,743 
Adjusted R-squared 0.460 0.460 0.459 0.459 
Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Linear Trend MSA MSA MSA MSA 

           Robust standard errors (cluster at MSA and occupation level) in parentheses  
*** p<0.001, ** p<0.01, * p<0.05, + p<0.1.  

These effects are driven by the differences in human capital between IT and non-

IT STEM workers that we explained in Section 2.3. Unlike non-IT STEM workers, IT 

human capital is valuable to the majority of firms in virtually every industry. Talented 

 

23 Exp (0.016+0.056) – 1 = 0.0747 
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foreign IT professionals can contribute to greater firm performance by improving 

business processes, building stronger IT-business relationships, enabling global 

expansion, and facilitating innovation. This establishes IT as a strategic contributor to 

firm performance and competitiveness and leads firms to hire more domestic IT workers. 

This discussion explains the stronger impact of the STEM OPT extension on IT 

occupations than on non-IT STEM occupations. 

3.3.6 Robustness Checks  
Next, we perform a set of tests to establish the robustness of our main results. 

Table 3.6 summarizes the robustness checks.  

Table 3.6. Summary of Robustness Checks 
Concern Test Finding Location  

Parallel trends before the 
treatment 

Relative time model  No clear pre-treatment trend of 
the OPT extension 

Table H1, H2  

Measurement errors in the 
independent variables  

Alternative measures (months 
of OPT extension)  

Consistent with the main 
analyses 

Table H3, H4 

Measurement errors in the 
dependent variables  

Alternative measures of local 
employment from the BLS 

Consistent with the main 
analyses 

Table H5 

Financial crisis (2008-2009) Excluding the sample in 2008 – 
2009 

Consistent with the main 
analyses 

Table H6, H7 

Bias in OLS due to 
heteroscedasticity 

Count model (Poisson) for the 
number of workers 

Consistent with the main 
analyses 

Table H8  

Outliers of MSAs with large 
population  

Excluding MSAs with large 
population 

Consistent with the main 
analyses 

Table H9, H10 

Selection bias in STEM 
occupations 

Only including STEM 
occupations treated in 2008 

Consistent with the main 
analyses 

Table H11, H12 

MSAs may have different 
time trends before and after 
the OPT extension. 

Including MSA quadratic time 
trends 

Consistent with the main 
analyses 

Table H13, H14 

It takes time for the effect 
of OPT extension to 
materialize. 

Using a lead dependent 
variable  

Consistent with the main 
analyses 

Table H15, H16 

Employment of foreign 
workers  

DID estimation for foreign 
workers   

Consistent with the mechanism  Table H17 

 
3.3.6.1 Relative Time Model 

As discussed earlier, a critical assumption required for the validity of a DID 

estimation is that the pre-treatment trends of the dependent variable must be parallel prior 

to the treatment (i.e., STEM OPT extension). Following prior literature (e.g., Autor 2003, 
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Chan and Ghose 2014), we include a series of dummy variables that indicate the relative 

time distance between an observation period, t, and the timing of the STEM OPT 

extension changes in occupation 8. The detailed model is outlined in Eq. 3. 

!"($)&'( =*& + ,' + -(
+LMN1<60123456"789"&((O) +

N

LPQ19750123456"789"&(
Q

(R) + .S;9"5<9!7'(

+ ='5 + >&(    (3) 
 

Figure 3.3. Effects of OPT Extension on Number and Average Wage of Domestic 
Workers        
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1<60123456"789"&((O) equals to one if year 5 is O years prior to the STEM 

OPT extension for occupation 8. 19750123456"789"&((R) equals to one if year 5 is R 

years post the extension. Specifically, MN allows us to test whether there is a difference in 

pre-treatment trends across different occupations. The year before the STEM OPT 

extension is omitted as the baseline.  

The detailed results are presented in Table H1 in Appendix H. Figures 3(a) plots 

the coefficients of the pre- and post-treatment relative time dummies. As seen, none of 

the pre-treatment dummies are statistically significant, failing to reject the hypothesis that 

there are no significant differences in pre-treatment trends across occupations. In 

addition, we see a significant increase in the number of all and domestic workers after the 

STEM OPT extension, which grows by 2% to 5% over years. We replicate Eq. 3 using IT 

occupations as the treatment group and non-STEM occupations as the control group 

(Table B2). The results are presented in Figure 3(b)-(c), which also support our results in 

the main model.  

3.3.6.2 Instrumental Variable (IV)  
Even though our main model contains an extensive group of control variables and 

fixed effects, it is still possible that the enaction of STEM OPT extension policy is 

correlated with other omitted variables such as demand for foreign workers. To alleviate 
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this concern, we used two one IV approach to further check the robustness of the main 

results Specifically, we use the programs list accreted by the Accreditation Board for 

Engineering and Technology (ABET) in US from 1936 to 2008 as the instrument for the 

OPT STEM policy. ABET is a nonprofit and non-governmental agency that accredits 

postsecondary, degree-granting programs in applied and natural science, computing, 

engineering and engineering technology. These programs are highly correlated with the 

STEM majors. In addition, the evaluation of the programs are based on a set of detailed 

criteria and procedures (https://www.abet.org/accreditation/accreditation-criteria/) which 

are unlikely to correlated with the demand for STEM occupations (especially for the 

demand that after 2008). We use this instrumental variable to estimate the effects of OPT 

STEM policy on the number and wage of all and domestic workers and the results are 

consistent with our prior main analysis (results presented in Tables 3.7 and 3.8).  

3.3.6.3 Alternative Measures  
In the main analysis, we used a dichotomous variable for an extension in OPT 

periods. However, this dichotomous indicator may not fully capture the variations in the 

number of months for OPT extension. Before the STEM OPT policy was extended in 

2008, the STEM OPT period was 12 months for all occupations. After the first OPT 

extension was passed in 2008, STEM occupations had a 29-month OPT period while 

non-STEM occupations still had 12 months (Table 1). After the second STEM OPT 

extension was passed in 2016, STEM occupations had a 36-month OPT period. Thus, we 

use the number of months allowed under the OPT status for occupation 8 in year 5 as an 

alternative independent variable and replicate the models in Tables 3.4 and 3.5. The 

results are presented in Tables H3 and H4 in Appendix H and remain robust.  
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Table 3.7. Difference-in-Differences Estimation of STEM OPT Extension on the 
Number of Workers: IV_ABET programs  

DV: ln(number of workers) (1) (2) (3) (4) 
 All All Domestic Domestic 
     
OPT Extension 0.071*** 0.033* 0.067*** 0.031* 
 (0.012) (0.014) (0.012) (0.014) 
OPT Extension ×	IT Occupation  0.196***  0.185*** 
  (0.025)  (0.023) 
Population -0.015+ -0.015+ -0.015+ -0.015+ 
 (0.008) (0.008) (0.009) (0.009) 
Income -0.085* -0.086** -0.133*** -0.134*** 
 (0.033) (0.033) (0.035) (0.035) 
Education  0.228** 0.228** 0.140+ 0.141+ 
 (0.078) (0.078) (0.080) (0.080) 
Sex Ratio 0.001+ 0.001+ 0.001 0.001 
 (0.001) (0.001) (0.001) (0.001) 
Age Ratio  -0.003*** -0.003*** -0.003*** -0.003*** 
 (0.001) (0.001) (0.001) (0.001) 
Unemployment Rate -0.348*** -0.350*** -0.536*** -0.539*** 
 (0.100) (0.100) (0.103) (0.103) 
GDP Occupation 0.080*** 0.080*** 0.076*** 0.076*** 
 (0.002) (0.002) (0.002) (0.002) 
     
Observations 959,988 959,988 924,748 924,748 
Adjusted R-squared 0.004 0.003 0.003 0.003 
Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Linear Trend MSA MSA MSA MSA 
Kleibergen-Paap rk LM statistic 2108.156 1748.695 2048.419 1694.211 
Wald F statistic 1.3e+05 6.2e+04 1.2e+05 1.4e+05 

Robust standard errors (clustered at MSA and occupation levels) in parentheses  
*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

 
In addition, we use alternative measures for the dependent variables. Besides the 

measures from the IPUMS, we also collect the local employment information from 

Occupational Employment Statistics (OES) provided by the BLS. The OES dataset 

contains detailed information on the number and average wage of workers at the 

occupation-MSA-year level. Even though we cannot observe the birthplace and 

citizenship of the workers, we could examine the effects of STEM OPT extension on the 

overall local employment. The results are presented in Table H5 in Appendix H and 

remain consistent.  
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Table R2. Difference-in-Differences Estimation of STEM OPT Extension on the 
Average Wage: IV_ABET programs 

DV: ln(average wage) (1) (2) (3) (4) 
 All All Domestic Domestic 
     
OPT Extension 0.007 -0.004 0.000 -0.008 
 (0.011) (0.012) (0.011) (0.012) 
OPT Extension ×	IT Occupation  0.071**  0.057* 
  (0.027)  (0.027) 
Population -0.010 -0.010 -0.009 -0.009 
 (0.008) (0.008) (0.008) (0.008) 
Income 0.205*** 0.205*** 0.205*** 0.204*** 
 (0.035) (0.035) (0.036) (0.036) 
Education  0.345*** 0.345*** 0.344*** 0.345*** 
 (0.082) (0.082) (0.085) (0.085) 
Sex Ratio -0.000 -0.000 -0.001 -0.001 
 (0.001) (0.001) (0.001) (0.001) 
Age Ratio  0.000 0.000 -0.000 -0.000 
 (0.001) (0.001) (0.001) (0.001) 
Unemployment Rate -0.582*** -0.582*** -0.603*** -0.604*** 
 (0.104) (0.104) (0.109) (0.109) 
GDP Occupation 0.023*** 0.023*** 0.022*** 0.022*** 
 (0.001) (0.001) (0.001) (0.001) 
     
Observations 917,097 917,097 889,743 889,743 
Adjusted R-squared -0.000 -0.000 -0.001 -0.001 
Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Linear Trend MSA MSA MSA MSA 
Kleibergen-Paap rk LM statistic 1783.527 1783.929 1729.755 1691.734 
Wald F statistic 1.2e+05 5.9e+04 1.1e+05 5.7e+05 

Robust standard errors (clustered at MSA and occupation levels) in parentheses *** 
p<0.001, ** p<0.01, * p<0.05, + p<0.1 

 
3.3.6.4 Exclusion of the Global Financial Crisis 

The financial crisis in 2008–2009 substantially shrunk economic activities and 

increased unemployment rates (Bell and Blanchflower 2011). Although we controlled for 

year fixed-effects in the main model, it is still plausible that the financial crisis has 

different effects on the STEM and non-STEM occupations overtime. To address this 

issue, we replicate Tables 4.4 and 4.5 excluding 2008 and 2009. The results are presented 

in Tables H6 and H7 and are consistent with our main results.  

3.3.6.5 Count Models 
So far, we have used the log-transformed number of workers as the dependent 

variable. Since the distribution of number of workers is highly skewed, the log 
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transformation allows us to make the distribution closer to a normal distribution. 

However, the estimation of the coefficients may be biased in the presence of 

heteroscedasticity (Silva and Tenreyro 2006). To address this issue, we replicate the 

estimations using a Poisson model which has been widely used in IS studies with count 

data (e.g., Burtch et al. 2018). The results are presented in Table H8 in Appendix H and 

remain similar.   

3.3.6.6 Exclusion of Outliers   
It is possible that our observed results are driven by the labor markets in a few 

large MSAs. To address this issue, we replicate the main analyses with excluding large 

MSAs with large population. Specifically, we exclude the MSAs with population in the 

top 5% of our sample such as New York, Los Angeles, and Chicago. The results in 

Tables H9 and H10 (Appendix H) are consistent with our main analyses. 

3.3.6.7 Occupation Selection Bias    
To alleviate any remaining self-selection concern, in which the selection of STEM 

occupations is correlated with the expected number of workers in these occupations, we 

estimate the model by excluding the additional STEM occupations that were added after 

2008. The results in Tables H11 and H12 in Appendix H are consistent.  

3.3.6.8 MSA Quadratic Time Trends  
In our main analyses, we include MSA-specific linear time trends to allow each 

MSA to have a different time trend in the sample period. However, it is possible that 

idiosyncratic time trends may be nonlinear within each MSA. To resolve this issue, we 

further include MSA-specific quadratic time trends in the model. The results in Tables 

H13 and H14 are consistent.  

3.3.6.9 Lead Dependent Variables  
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One might concern that it may take some time for the effects of the OPT 

extension on local employment to materialize. To address this issue, we use the lead 

values of the number and average annual wage of all workers and domestic workers (i.e., 

!"($)&',(U/) as alternative dependent variables. The results are consistent (Tables H15 

and H16).   

3.3.6.10 Foreign Workers  
The underlying assumption in our analyses is that the OPT extension brought 

more high-skilled foreign workers to the local labor markets. To demonstrate that this is 

the case, we replicate Eq. 1 and 2 with the number and wage level of workers who were 

not born as U.S. citizens. The results are presented in Table H17 in Appendix H. We find 

that the STEM OPT extension does increase the number of foreign workers. In addition, 

this effect is stronger for foreign workers in IT occupations than non-IT STEM 

occupations. The results support our argument that the STEM OPT extension does 

increase the supply of high-skilled foreign workers in STEM occupations. 

3.4 Empirical Extensions 
Our analyses thus far have shown a complementary effect of the STEM OPT 

extension on local employment. We next examine heterogeneity in the observed effect to 

empirically demonstrate the underlying mechanisms for the complementary effects.  

3.4.1 Sanctuary Jurisdictions 
Sanctuary jurisdictions in the U.S. are states, counties, and cities with laws, 

policies, or other practices that prohibit local officials from making inquiries about 

immigration officers, deny immigration authorities access to local jails, and refuse to 

honor detainers or arrest warrants from the U.S. Immigration and Customs 
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Enforcement24 (Delgado 2018; Griffith et al. 2015). Sanctuary jurisdictions are 

considered an important signal for openness and friendliness toward immigrants 

(Hummel 2016). Studies show that immigrant-favorable policies increase the number of 

foreign-born residents (e.g., Wills and Commins 2018). Accordingly, sanctuary 

jurisdictions are likely to attract more foreign workers than non-sanctuary areas. If the 

STEM OPT extension complements the demand for local workers by bringing more 

foreign high-skilled workers into local labor markets, the complementary effect should be 

stronger in sanctuary jurisdictions than in other jurisdictions.  

To empirically examine the moderating effect of sanctuary jurisdictions, we 

collect data on sanctuary cities from the Center for Immigration Studies. In total, there 

are seven states and 157 counties and cities that enacted related sanctuary laws, policies 

and practices between 2008 and 2016. For a sanctuary state, we coded all the MSAs in 

the state as sanctuary MSAs. For MSAs where only a subset of cities/counties are 

sanctuary jurisdictions,25 we calculate the ratio of the population in these sanctuary 

cities/counties to the total population. Accordingly, the variable VG"D5EG<WXE<87O8D589" 

is a time-varying continuous variable ranging from 0 to 1. We add the interaction term 

between the STEM OPT extension and sanctuary jurisdictions to examine the moderating 

role of sanctuary jurisdictions.  

The estimation results are presented in Tables I1 and I2 in Appendix I, and Figure 

3.4 plots the moderating effects of sanctuary jurisdictions on the number and average 

 
24 https://cis.org/Fact-Sheet/Sanctuary-Cities  

25 For example, Denver-Aurora-Lakewood, CO MSA contains 10 counties and only 3 (Arapahoe, Denver, and 
Jefferson) of them are sanctuary counties in 2014. To construct the sanctuary jurisdictions measures for Denver-
Aurora-Lakewood, CO MSA, we divided the total population of the three counties 
(618,821+663,862+558,503=1,841,186) by the population of the MSA (2,754,258) by which equals to 0.6685 in 2014. 
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wage for domestic workers in IT and non-IT STEM occupations. The sanctuary 

jurisdictions positively moderate the effects of the STEM OPT extension on the number 

of all and domestic workers (Columns 1 and 3 in Table C1). In support of our theoretical 

prediction, the positive effect on the number of workers is stronger in MSAs with a larger 

percentage of sanctuary jurisdictions since these areas attract more foreign workers. 

Further, sanctuary jurisdictions have a stronger moderating effect on workers in IT 

occupations than on non-IT STEM occupations (Columns 2 and 4 in Table C1).  

Contrary to our expectation, however, sanctuary jurisdictions negatively moderate 

the effect of STEM OPT extension on the average wage of all and domestic workers in 

STEM (Columns 1 and 3 in Table C2). The complementary effect of the STEM OPT 

extension on average wage that we find in Table 5 appears to be more prevalent in MSAs 

with a smaller percentage of sanctuary jurisdictions. The results indicate that while 

sanctuary jurisdictions attract more foreign workers who are allowed to work longer by 

the STEM OPT extension (an effect that increases the employment of domestic workers 

as well, as shown in Table C1), the increase in the number of workers (foreign and 

domestic) intensify labor market competition and drive down the average wage of 

domestic workers in these jurisdictions. However, the competition appears less intense 

for IT occupations than for non-IT STEM (Figure 4.4) occupations, as shown by the 

positive coefficients of the interaction terms with IT Occupation in Table C2. 

In sum, the results with respect to sanctuary jurisdictions in Tables C1 and C2 

provide empirical evidence supporting both complementary and substitution effects that 

Section 2 lays out. The STEM OPT extension has complementary effects in the size of 
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employment in sanctuary jurisdictions but has substitutional effects in terms of average 

wage. 

Figure 3.4. Marginal Effects of the STEM OPT Extension by Different Percentages 
of Sanctuary Jurisdictions 

 
 

3.4.2 Percentage of H-1B Applicants in IT Occupations 
If the relationship between foreign and domestic IT professionals is 

complementary, the effects of the STEM OPT extension would be stronger in MSAs to 

which more new foreign IT professionals migrate. To verify this, we collect data on 

Labor Condition Applications (LCA), which are an essential step for foreign workers to 

apply for an H-1B visa and work in the U.S. The LCA data contain detailed individual-

level information for all H-1B visa applicants, such as occupations, working location, and 

annual wage. It has been widely used in the prior literature to measure the latent local 

demand for foreign workers (e.g., Kerr and Lincoln 2010). We aggregate the LCA data to 

the MSA-occupation level and calculate the percentage of IT H-1B applicants in each 

MSA in 2005-2016. The MSAs with the highest and lowest percentages of IT applicants 

are presented in Table I3 in Appendix I.  

The results are presented in Tables I4 and I5, and Figure 4.5 plots the moderating 

effects of the percentage of IT H-1B applicants on local employment for IT 
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occupations.26 As seen, the percentage of foreign IT workers positively moderates the 

effects of STEM OPT extension on the number of all and domestic workers in IT 

occupations (Columns 1 and 2, Table I4). As we expected, the positive effects of STEM 

OPT extension are stronger in MSAs with a higher percentage of IT H-1B applicants. 

Further, the IT applicant percentage positively moderates the average wage for all and 

domestic IT workers (Table I5). The results further support the complementary 

relationship between foreign and domestic IT professionals. We also use the number of 

H-1B applicants in IT occupations instead of the percentage as an alternative moderator, 

and the results remain consistent (Tables I4 and I5, Columns 3-4).  

Figure 3.5. Marginal Effects of the STEM OPT Extension by Different Percentages 
of IT H1-B Applicants 

 
 

3.4.3 Population  
We now examine the moderating effect of population in each MSA. On the one 

hand, agglomeration economics (Porter 1996, Duranton and Puga 2004) suggests that one 

way foreign STEM workers complement local workers is by increasing local 

employment and innovation activities, leading more firms to locate near each other for 

regional spillover effects (e.g., Kerr and Lincoln 2010). If this is the case, the spillover 

 

26 The moderating effects of the percentage of IT H-1B applicants on non-IT STEM workers are omitted.  
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effect would be greater in regions with a larger population (Agrawal et al. 2008; Glaeser 

and Kerr 2009). Furthermore, compared to non-IT STEM occupations, IT occupations 

would generate higher spillover effects since IT workers process both general and firm-

specific experiences and have higher mobility (Tambe and Hitt 2014, Wu et al. 2018). 

Hence, we expect that the positive moderating effect of population would be stronger for 

IT occupations. On the other hand, in MSAs with a larger population, there should be 

more domestic workers who have similar skills with foreign counterparts. If this is the 

case, the increased supply of foreign workers intensifies labor-market competition and 

substitute domestic workers. In other words, an increase in inflow of high-skilled foreign 

workers because of the STEM OPT extension is more likely to substitute domestic 

workers in larger MSAs than in smaller MSAs.  

To empirically demonstrate which effect prevails, we include the interaction term 

between STEM OPT extension and log-transformed population of each MSA. The 

estimated results are presented in Tables I6 and I7. Figure 3.6 plots the moderating 

effects of population. For the number of workers, the moderating effects of population on 

all and domestic workers are positive (Columns 1 and 3 in Table I6), showing that the 

complementary effects of the STEM OPT extension are stronger in MSAs with a larger 

population. In addition, its moderating effect for IT occupations is stronger than for non-

IT STEM occupations (Columns 2 and 4 in Table I6). For average wage, we find that 

population negatively moderates the effects of OPT extension on all and domestic 

workers (Columns 1 and 3, Table I7). Once again, this effect differs for IT and non-IT 

STEM occupations. For IT occupations, MSA population positively moderates the effects 

of OPT extension on average wage (Column 2 and 4, Table I7).  
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Figure 3.6 presents a stark contrast to the moderating effect of population for IT 

and non-IT STEM occupations. As explained above, there are two opposing effects of 

population size—positive spillover effects from agglomeration and intensified 

competition in the labor market. It appears that the former effect prevails in the IT 

occupations, but the latter outweighs in the non-IT STEM occupations. The differences 

may be largely due to the unique human capital nature of IT workers. They have higher 

mobility in labor markets and generate greater productivity spillovers (Tambe and Hitt 

2014, Han et al. 2011), leading more firms located together (Saxenian 1996, Bresnahan et 

al. 2002). Prior studies show that IT spillovers are more likely to be produced in larger 

areas due to the diverse types of labor and industries (Forman 2005, Tambe and Hitt 

2014). Specifically, the adoption of new technology requiring highly specialized skills is 

faster in larger areas (Duranton and Puglia 2004). Accordingly, the complementary 

effects of foreign high-skilled IT workers are stronger in MSAs with a larger population. 

However, productivity spillovers are not observed through the mobility of other 

occupations (Tambe and Hitt 2014). For other non-IT STEM occupations, the 

competition seems to be stronger in MSAs with larger population since there are more 

workers with similar skills and knowledge sets. 

Figure 3.6. Marginal Effects of the STEM OPT Extension by Population Levels 
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3.4.4 Skill Content 
Our prior results explore a set of geographic characteristics that influence the 

effects of the STEM OPT extension. Next, we further examine occupation-related 

characteristics in the relationship between the STEM OPT extension and local 

employment to provide further corroborating evidence to our theory. Specifically, we 

examine how the complementary effects vary for occupations with different skill content. 

Skill content refers to the types of skills and tasks required by occupations (Peri and 

Sparber 2009). Prior studies show that high-skilled foreign workers specialize in 

occupations demanding quantitative and analytical skills, whereas native-born 

counterparts specialize in occupations requiring interactive and communication skills 

(e.g., Bound et al. 2015, Peri and Sparber 2009). Hence, an increase in high-skilled 

foreign workers could influence the employment of domestic workers with different 

skills. As we theorize above, newly emigrated foreign workers with stronger quantitative 

and analytic skills compete with domestic workers who have similar skills and 

complement other domestic workers who have different ones such as interactive and 

communication skills.  

Empirically, we collected the skill content information for all 460 occupations 

(IT, non-IT STEM, and non-STEM) in our dataset13 from the O*NET Database, which 

contains information on a range of occupations from job incumbent surveys.14 

Accordingly to the O*NET Database, “these surveys ask respondents to evaluate the 

importance of 52 abilities (skills) and 41 activities (tasks) required by his/her current job 

on a scale of 1 to 5”. Following Peri and Sparber (2011), we focus on five 

 
13 There are 490 occupations total in the dataset, and 30 of them do not have skill content information from O*NET, 
14 The O*NET 11.0 database is available at http://www.onetcenter.org/database.html. 
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quantitative/analytical and seven interactive/communication skills from two surveys—

Abilities and Activities (Table I8 in Appendix I). We construct the measures of 

occupational skill content by averaging the importance of quantitative and interactive 

skills separately and generate the ratio of the two averaged measures 

(quantitative/interactive), an approach adopted by Peri and Sparber (2009). Table 3.8 

presents the skill content measures of IT occupations. Among all IT occupations, 

computer programmers and database administrators have the highest 

quantitative/interactive ratio. 

To explore the moderating effects of skill content, we add the interaction terms 

between the STEM OPT extension and skill content. Results are presented in Tables I9 

and I10 in Appendix I, and Figure 3.7 plots the moderating effects of skill content. First, 

the moderating effects of skill content on the number of all and domestic are not 

significant (Columns 1 and 3, Table I9). However, the moderating effects for workers in 

IT and non-IT STEM occupations are different (Columns 2 and 4, Table I9). Specifically, 

the quantitative/interactive ratio negatively moderates the effects of STEM OPT 

extension on the number of IT workers, while it is not significant for non-IT STEM 

workers. The results suggest that the complementary effects of the STEM OPT extension 

are weaker for IT occupations with a high quantitative/interactive ratio. In other words, 

the STEM OPT extension has a higher complementary effect on domestic IT workers 

whose occupations require higher interactive and communication skills than quantitative 

and analytic skills. On the other hand, the moderating effects of skill content on average 

wage are not significant for all and domestic workers (Columns 1 and 3, Table I10). The 
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findings in Table I9 substantiate our theoretical discussion that the effect of STEM OPT 

extension is complementary when foreign and domestic workers possess different skills. 

Table 3.8. IT Occupations and Skill Contents 
SOC Code Occupation Title Quantitative (Q)  Interactive (I)  Q/I Ratio  
15-1131 Computer Programmers 3.87 3.345 1.157 
15-1141 Database Administrators 3.696 3.25 1.137 
15-1132 Software Developers, Applications 3.637 3.21 1.133 
15-1133 Software Developers, Systems Software 3.363 3.246 1.036 
15-1134 Web Developers 3.468 3.351 1.035 
15-1121 Computer Systems Analysts 3.703 3.625 1.021 
15-1199 Computer Occupations, All Other 3.687 3.626 1.017 
15-1111 Computer and Information Research Scientists 3.628 3.595 1.009 
15-1122 Information Security Analysts 3.607 3.574 1.009 
15-1142 Network and Computer Systems Administrators 3.323 3.301 1.007 
11-3021 Computer and Information Systems Managers 3.806 3.8 1.001 
15-1143 Computer Network Architects 3.669 3.736 0.982 
15-1152 Computer Network Support Specialists 3.308 3.565 0.928 
15-1151 Computer User Support Specialists 3.003 3.583 0.838 

 
Figure 3.7. Marginal Effects of the STEM OPT extension by Different Levels of 

Skill Content 

 
 

3.4.5 Related Occupations  
Besides the treated occupations (i.e., STEM occupations), we also explore the 

impact of the STEM OPT extension on other related non-STEM occupations. One 

important role of IT professionals in firms is to facilitate the integration of IT and 

business planning process, which is necessary for gaining business advantage through IT 

(e.g., Bassellier and Benbasat 2004, Bharadwaj 2000). IT professionals communicate and 

work with their business peers to build a successful IT-business relationship. Business 
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managers help IT professionals better understand interdependencies between business 

processes, contributing to the development of high-quality enterprise systems. Hence, 

human capital in business operations complements IT human capital (Melville et al. 

2004). In other words, a greater number of high-skilled foreign IT professionals also 

expands the need for workers in related non-STEM occupations (e.g., business operation 

specialists). If capable foreign IT professionals contribute to greater firm productivity, the 

firm can hire more workers in these related occupations. Therefore, we expect that the 

STEM OPT extension has a complementary effect on these related occupations as well.  

To empirically test the effects of the OPT extension on other business-related 

occupations, we leverage the occupation definitions and information on required tasks 

and skills from the O*NET database. We focus on occupations in the Business 

Operations Specialists category and select three occupations (management analysts, 

training specialists, and market research analysts, see Table I11 in Appendix I for more 

details) in which workers closely interact with IT professionals. For instance, a major 

task for management analyst is to “prepare recommendations for implementation of new 

systems, procedures, and organizational changes,”27 and a major work activity is 

“communicating with supervisors, peers, or subordinates.” In addition, workers in these 

occupations also require technical skills to fulfill their job requirements such as enterprise 

resource planning software.  

Empirically, we use IT occupations, non-IT STEM occupations, and business-

related occupations as the treatment groups and all other non-STEM occupations as the 

control group. We replicate the main model, and the results are presented in Table I12. 

 

27 https://www.onetonline.org/link/summary/13-1111.00 
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As shown in Columns 1 and 2, the coefficients of OPT Extension × Related Occupations 

are positive and significant, suggesting that the OPT extension increases the number of 

all and domestic workers in these non-STEM business occupations in Table I11. This 

finding substantiates our theoretical argument that an increase in high-skilled foreign IT 

professionals improves firm productivity and leads firms to employ more domestic 

workers. 

3.5 Discussions and Contributions  
3.5.1 Discussions 

In this study, we examine the effects of the STEM OPT extension, which 

increases the inflow of high-skilled foreign workers, on local employment and obtain 

several intriguing findings. First, our results suggest that the policy is positively 

associated with the number of all workers (2.5%) and domestic workers (2.2%) in STEM 

occupations (Table 3.4). This effect is not significant with respect to average wage (Table 

3.5). More interestingly, these effects vary for workers in IT and non-IT STEM 

occupations. Specifically, the OPT extension has a stronger effect on the number of 

workers in IT occupations than in non-IT STEM occupations as well as a positive impact 

on their average wage. This finding illustrates that an increase in the supply of foreign IT 

professionals as a result of the STEM OPT extension boosts the demand for domestic IT 

professionals. The unique characteristics of IT human capital differentiate the impacts of 

STEM OPT extension on IT occupations from non-IT STEM occupations.  

We also leverage heterogeneity in regional and occupation characteristics to 

identify the underlying mechanisms in the observed complementary effect. The results 

suggest that the complementary effect of the OPT extension on the number of STEM 

workers is stronger in sanctuary jurisdictions (Figure 3.4) since these areas are more 
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immigrant-friendly and therefore attract a higher number of foreign workers. In addition, 

the complementary effect of the OPT extension on IT occupations is stronger in MSAs 

with a larger population (Figure 3.6), but this is not the case when it comes to non-IT 

STEM occupations. This seems to be thanks to the unique nature of IT human capital, 

which ensures greater spillover effects in larger MSAs than other STEM occupations. 

With respect to average wage, Figure 3.4 and 3.6 inform that in MSAs with more 

sanctuary jurisdictions or a larger population, which are likely to attract more foreign 

STEM workers, the OPT extension appears to drive down wages of workers in non-IT 

STEM occupations.  

In regard to occupational characteristics, our results further suggest that the 

complementary effect of the STEM OPT extension is stronger for domestic workers in IT 

occupations with higher interactive skills than ones with higher quantitative skills (Figure 

3.6). Strikingly, the STEM OPT also extension increases employment in related non-

STEM business occupations. These two findings reveal in what mechanisms the observed 

complementary effects materialize. The complementary effect occurs when foreign and 

domestic workers have different characteristics and when high-skilled foreign IT workers 

improve firm performance, which leads to more employment of related non-STEM 

workers. 

3.5.2 Contributions  
Our study makes several contributions to the IS and related disciplines. First, it 

contributes to the IS literature by differentiating the human capital characteristics of IT 

and non-IT STEM workers. Our study theorizes the unique roles of IT professionals in 

building the business-IT relationship and catalyzing innovative and entrepreneurial 

activities, which contribute to complementary effects of the STEM OPT extension. 
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Empirically, our results demonstrate that the impact of foreign labor on local employment 

in the IT field is different from the non-IT STEM fields, thanks to the unique nature of IT 

human capital. This suggests that the inflow of skilled foreign workers complements 

domestic IT workers locally instead of replacing them, providing new theoretical insights 

into the unique characteristics of skilled foreign labor.  

Second, our study contributes to the literature on labor economics by theorizing 

and examining the effects of a key immigration policy—STEM OPT extension—on local 

labor markets. While the majority of the previous literature (e.g., Kerr and Lincoln 2010, 

Peri et al. 2015) focuses on immigration policies (e.g., H-1B cap) that apply to all 

occupations and provides mixed findings, our study focuses on the STEM OPT policy 

that only applies to high-skilled workers in STEM occupations. We find that the effect of 

the STEM OPT extension is heterogeneous by regional and occupational characteristics. 

Specifically, the complementary effect of STEM OPT extension is stronger in areas that 

are more open to foreign workers and for IT occupations that require higher interactive 

skills than quantitative skills. These findings expand the body of knowledge in labor 

economics on high-skilled foreign labor. 

3.5.3 Implications  
Our study also provides important managerial and policy implications. Our 

findings provide a better understanding of the impact of immigration policies for high-

skilled workers. From a policy perspective, the finding that the STEM OPT extension has 

a complementary effect on domestic employment, especially for IT professionals, advises 

policymakers to design more effective immigration policies that attract more capable 

human capital. Such policies will promote economic growth and innovation activities. 

Policymakers should leverage more concrete empirical evidence on the substitution or 
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complementary effect of immigration and rely less on political or ideological viewpoints. 

It is even more important, considering that many developed nations fiercely compete with 

each other to attract foreign talent (e.g., Shachar 2006, Beechler and Woodward 2009). 

The findings that the effect of immigration policy varies by regions also provide 

implications for state and local officials. From a managerial perspective, our results 

demonstrate the unique role of the human capital of foreign IT workers. This provides 

guidelines for hiring decisions in evaluating the human capital of IT workers properly. 

For instance, the collaboration between foreign and domestic IT professionals may 

generate higher innovation activities and facilitate the integration of IT-business 

relationship.  

3.5.4 Limitations and Suggestions for Future Research 
Our study is subject to several limitations. First, our identification strategy is 

based on a natural experimental design utilizing the variations in OPT periods across 

occupations (STEM vs. non-STEM) that the OPT extension brings over time. Although 

our analyses adopt a comprehensive set of control variables and several econometrics 

methods for the robustness of the results, further work is necessary to ensure that there 

are no confounding factors that influence the findings. Second, due to data limitations, we 

could not directly track the number and average wage of foreign OPT workers in each 

MSA. Hence, we cannot directly test the effects of STEM OPT extension on the number 

and wage of foreign OPT workers. Future researchers with access to such detailed data 

could gain better insights.  

Our study has also spawned several research questions that provide opportunities 

for future research. First, besides the employment of local labor markets, future studies 

could explore the effects of STEM OPT extension on other aspects of the U.S. economy 
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such as innovation and entrepreneur activities, which would help better understand the 

role of high-skilled foreign IT professionals in local labor markets and the relationship 

between foreign and domestic workers. Second, while the unit of analysis of our is within 

geographic areas (i.e. MSAs), future studies could explore the role of the policy in 

affecting the employment structures within firms. It would be interesting to conduct more 

in-depth analyses on how the employment of foreign IT professionals influences 

domestic workers at an individual level. Specifically, studies could explore the 

heterogeneous effects of the policy by employee characteristics such as education and 

skill sets. Finally, the present study focuses on the role of the OPT extension that applies 

to all STEM occupations. If there are future immigration policies that specifically apply 

to IT occupations, studies could examine their effects to help us better understand the role 

of the IT human capital.   
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CHAPTER 4 

ESSAY3: SKILL-BIASED TECHNICAL CHANGE AGAIN? ESTIMATING THE 

EFFECT OF TASKRABBIT ON LOCAL EMPLOYMENT IN THE 

HOUSEKEEPING INDUSTRY  

 

ABSTRACT 

The rise of gig platforms (e.g., Uber, TaskRabbit), which match customer and 

service providers online automatically, brings new opportunities and challenges to local 

labor markets: they may complement offline workers by facilitating service matching and 

creating jobs opportunities or they may substitute offline workers by intensifying the 

competition and decreasing service price. Drawing on Skill-Biased Technical Change and 

digital platforms theory, we study the impacts of gig platforms on local employment in 

the housekeeping industry. Exploiting the staggered expansion pattern of TaskRabbit (a 

gig platform that matches freelance labor to local demand for everyday tasks such as 

house cleaning) into U.S. counties at different times, we identify impact of the platforms 

on the housekeeping industry. Our difference-in-differences estimate shows a 

disproportionate decrease in full-time housekeeping employment in TaskRabbit-operated 

areas. The decline is mainly driven by cognitive (middle-skilled) workers (i.e., managers) 

instead of manual (low-skilled) workers (i.e., janitors). Additional evidence, however, 

implies that gig platforms may not crowd out workers but rather they incubate local 

entrepreneurship through additional self-employment. Implications for platform design, 

policy, and research are discussed. 
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4.1 Introduction 
The rise of gig platforms (e.g., Uber, TaskRabbit) has facilitated the shift from 

permanent to on-demand employment and matching of labor to employers from offline to 

online settings (Kuhn 2016). Gig platforms connect service providers directly with 

customers in a seamless manner via the Internet or mobile apps (Zervas et al. 2015, Fang 

et al. 2016). The popular press and academic research have offered two hitherto 

countervailing predictions on the impact of gig platforms on offline labor markets. One 

prediction argues that gig platforms enhance flexibility, fluidity, and innovation, which 

stimulate employment and wage equality (e.g., Fraiberger and Sundararajan 2017). The 

competing prediction argues that gig platforms intensify competition among workers, 

which reduces their surplus and wages (e.g., Schor 2017). It remains unclear about the 

impact of gig platforms on offline labor markets and it is important for policy makers to 

further understand the employment impacts of platforms and provide efficient policy that 

benefits the local labor markets. Hence, the main goal of the focal study is to explore the 

impact of gig platforms on the employment in the same offline traditional industry.  

Technology has played a critical role in influencing labor such as increase labor 

productivity (e.g., Carmer and Krueger 2016), generate wage inequality (Greiner et al. 

2004), improve labor matching (e.g., Horton 2010) and globalization (e.g., Carmel and 

Agarwal 2002). Specifically, prior literature has shown that technology can increase the 

relative demand for high-skilled workers by increasing the productivity of these workers 

(e.g., Griliches, 1969; Berndt et al. 1992; Berman et al. 1994). As a new form of 

information technology, the effects of gig platforms on labor may vary across workers 

with different skills. For instance, the online setting may increase the technical barrier for 
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low skill workers who do not have the internet skills. Hence, this study further explores 

the differential impacts of gig platform on workers with different skill levels.  

While extant research in online labor markets mainly focuses on offshoring 

information-based virtual jobs on global online platforms (e.g., Freelancer, Upwork) 

(Hong and Pavlou 2017), our study examines location-based jobs that are performed at 

offline locations and that need in-person physical work (Blinder 2009). Our research 

focuses one of the earlies and largest gig platform in the United States—TaskRabbit (e.g., 

Kuttner 2013). This gig platform matches freelancers with local housekeeping demand, 

such as housekeeping, cleaning, and moving. It differs from traditional offline 

housekeeping businesses in two significant aspects. First, TaskRabbit has a distinct 

matching mechanism. Gig platforms directly match labor supply and demand online 

based on the buyers’ requirements and the service providers’ qualifications, which 

reduces search cost and improves matching efficiency. The automated matching may 

reduce the demand for cognitive (or middle-skilled) workers (e.g., first-line supervisors 

and managers) whose primary task is to schedule services in the housekeeping industry. 

Second, TaskRabbit has a different labor structure. The offline housekeeping market has 

workers with homogeneous skills (e.g., janitors/cleaners as manual (or low-skilled) 

workers based on income level) (Autor et al. 2003). However, gig platforms like 

TaskRabbit empower manual workers with heterogeneous skills with relatively low-entry 

barriers for on-demand services (Schor 2017). The rise of gig platforms may redistribute 

local workers with various skill levels. Accordingly, we ask the following research 

questions:  
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(i) Do gig platforms (i.e., TaskRabbit) affect local offline employment (i.e., the 

number of workers in the housekeeping industry)?  

(ii)  If so, how does the effect of gig platforms vary across workers with different 

skills (e.g. cognitive (or middle-skilled) vs manual (or low-skilled) workers)?  

To answer these questions, we first theorize the role of gig platforms in local 

labor markets. Drawing upon platform theory (e.g., Brynjolfsson and Smith 2000), we 

propose two competing theoretical predictions. On the one hand, the introduction of gig 

platforms may increase the number of workers in offline labor markets since they lower 

search costs and boost work flexibility. On the other hand, the introduction of gig 

platforms may decrease the number of workers in offline labor markets because they 

substitute skilled workers (Bekman 1998). Furthermore, we build on Skill-Biased 

Technical Change (STBC) theory (Griliches, 1969; Berndt et al. 1992; Berman et al. 

1994) to argue that the effects of gig platforms are heterogeneous across workers with 

distinct skills—cognitive (or middle-skilled) (e.g., first-line managers) and manual (or 

low-skilled) (e.g., janitors) (Autor et al. 2003) (Table 1) in the offline housekeeping 

industry. Specifically, gig platforms that function as matchmakers may replace or even 

eliminate cognitive workers whose primary task is to match housekeeping services.   

To empirically examine the above theoretical arguments, we consolidate a unique 

longitudinal dataset of local (offline) employment in the housekeeping industry in the 

United States. The dataset is merged from several sources including U.S. census, 

American Community Survey, and O*Net database. It covers occupational information at 

the county level for 10 consecutive years between 2006-2018. We exploit the quasi-

experimental setting in which TaskRabbit has been gradually expanded to US counties 
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since 2008, and we use a Difference-in-Differences (DID) approach with county and year 

fixed effects, as well as county-specific time trends, to exploit the temporal and 

geographical variations in the introduction of TaskRabbit.  

Econometrics analyses yield notable findings. We observe a disproportionate 

decrease in the local housekeeping employment in the counties where TaskRabbit offers 

its services. We find that such an effect does vary across workers with different skills. 

Interestingly, the introduction of TaskRabbit is significantly associated with a decrease in 

the number of middle-skilled cognitive workers (e.g., first line managers and 

supervisors), while the effect is not significant for low-skilled manual workers (e.g., 

janitors and cleaners). The findings imply that gig platforms do not replace manual 

workers, but they may substitute middle-skilled cognitive workers in the offline 

housekeeping industry. We further explore the underlying mechanisms of labor 

redistribution. We observe a significant surge in self-employment in the housekeeping 

industry that follows the introduction of TaskRabbit, with the unemployment rate being 

constant. These findings, while need further corroboration, may suggest that gig 

platforms do not eliminate offline workers but boost local entrepreneurship activities in 

the same industry. 

Our study makes important theoretical contributions. First, our study contributes 

to the literature on the broader impact of the gig economy (e.g., Greenwood and Wattal 

2017, Zervas et al. 2015).  In response to the debate on the pros and cons of these gig 

platforms on incumbent employment (Sundararajan 2016), this study offers theoretical 

arguments and empirical evidence that gig platforms reduce employment in the local 

labor markets. Second, this study contributes to the SBTC literature (e.g., Autor and Dorn 
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2013, Bresnahan et al. 2002) by exploring the differentiate effects of gig platforms on 

workers with different skills (i.e., middle-skilled vs. low-skilled). Our study provides 

both theoretical arguments and empirical evidence of the effects of gig platform are 

driven by the decrease in middle-skilled cognitive workers (e.g., first-line managers and 

supervisors). In addition, this study extends the SBTC literature to the study of online gig 

platforms; while prior research has mainly documented the role of computerization in the 

labor market (Card and DiNardo 2002), we focus on gig platforms that match labor 

demand and supply online and study whether they bring a new form of skill-biased 

technical change to traditional employment.  

This study provides insightful and rich managerial and policy implications. For 

service providers, they can search for jobs on gig platforms to maximize matching 

efficiency. We show evidence that the introduction of a gig platform does not reduce the 

total number of manual workers, but it creates work flexibility and self-employed 

activities. For the platform owners or developers, our findings provide insights into how 

to provide better services. The gig platform could design and personalize features (e.g., 

matching algorithms) to attract workers at different skill levels. For policymakers, we 

provide insights into the role of gig platforms in the local labor markets. In response to 

the heated debate on the societal value of gig platforms, such as TaskRabbit, we show 

suggestive evidence that these platforms stimulate entrepreneurship activities instead of 

eliminating workers, implying the need for caution while evaluating and regulating such 

gig platforms. 

4.2 Related Literature 
Our study is mainly related to two streams of literature: (1) socio-economic impact 

of gig platforms and (2) broader relationship between technology and employment.  
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4.2.1 Economic and Societal Impact of Gig Platforms  
There is a rich stream of literature examines the unique role of gig platforms in 

influencing the economy and society around them (e.g., Greenwood and Wattal 2017, 

Zervas et al. 2015). However, limited studies have connected the gig platforms with the 

offline labor employment. In this study, we explore how the introduction of gig platforms 

influence the number of workers in the industry. Statistics show that such contingent 

(gig) jobs are growing fast—a 6% increase in the United States, 7.5% in Europe, and 

14% in the United Kingdom in 2016 (Kässi and Lehdonvirta 2016). Thus, on-demand gig 

jobs have the potential to benefit both workers and the economy as a whole and help to 

support job growth and household incomes. In essence, the gig platforms are also two-

sided matching platforms that connect labor supply and demand. The introduction of the 

gig platforms can increase the local employment (i.e., the number of workers in the 

related occupations) from three perspectives.  

First, the new platforms facilitate the buyer-seller matching by reducing the 

search cost (e.g., Bakos and Bailey 1997, Freund and Weinhold 2002). These platforms 

provide extensive sorting and filtering tools (e.g., Gong et al. 2016) which enable buyer 

and sellers to find each other easier and reduce labor “slack”. For instance, employers 

could select service providers based on location and desired skills (e.g., Hong and Pavlou 

2017). At the same time, the platforms provide multiple choices for both employers and 

service. It is easier for the employers to compare the prices provided by different service 

providers, which facilities the matching process. Hence, the introduction of these 

platforms may increase the working opportunities. 

Second, these platforms increase information transparency by reducing 

information asymmetry (e.g., Dellarocas and Wood 2008). These platforms provide the 
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user profile, review system, and working history, which reduce the uncertainty related to 

the other party and regulate buyer and seller's behavior. For instance, Morene and 

Terwiesch (2014) find that providers with high reputation are more likely to be 

contracted. In addition, study finds that the feedback system in the crowdsourcing 

platforms increase both the number and quality of submissions (Jian et al 2014). Hence 

these platforms may improve the mathcin quality and efficiency (Dellarocas and Wood 

2008). 

Third, these platforms provide higher work flexibility by focusing on recurring 

short-term service (Burtch et al. 2017, Fang et al. 2016), which increases the working 

opportunities for part-time workers.  Majority of the service provided by these platforms 

are short-term and on-demand such as moving, house cleaning, and furniture assembling. 

It provides convenience for people to work during their spare time. For instance, Hall and 

Krueger (2015) find that the flexibility of working hours is one of the main reasons for 

people to choose to work for Uber. Studies also find that workers of these platforms have 

high turnover rate and a major part of people work in part-time.  

To sum, the gig platforms can help reduce the search cost, facility matching 

efficiency and quality, and promote work flexibility. Hence, the introduction of these 

platforms may improve the local employment. This study contributes to this literature by 

empirically assessing the impact of gig platforms on offline employment in the context of 

housekeeping industry.  

4.2.2 Technology and Employment   
This study also relates to an important broader literature on technology and 

employment. The impact of technological progress on employment has been discussed 

extensively in the Information Systems studies and labor economics literature (e.g., 
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Mortensen and Pissarides 1997; Aghion and Howitt 1998; Autor and Salomons 2017). 

One major impact of newly developed technology on labor is “creative destruction” 

(Greenes 2002) since the workers with relatively high productivity can substitute the 

workers with relatively low productivity. Specifically, as the extensive adoption and 

application of computing technologies across many industries, the SBTC (“Skill-Biased 

Technical Change”) hypothesis became dominant in the labor economics literature, that 

is, technology is biased towards skilled and educated workers by increasing their relative 

productivity (Acemoglu and Autor 2011). As an update of SBTC theory, Autor and 

Dorn's (2013) demonstrates that the growth of the high-skill and low-skill jobs and their 

wages are at the expense of those of middle-skilled workers, who are doing routine work 

and being easily replaced by technological development.  

In sum, this stream of literature believes that technical change is skill-biased, 

which supports the opinion that online gig-economy platform may reduce employment. 

Building on this stream of literature, our study further explores the impact of the new 

form of IT –gig platforms—on employment by different skill levels.  

First, there exists digital inequality for workers with different skill levels. Prior 

studies find that Internet utilization are driven by income and education inequality (e.g., 

Hsieh et al. 2011). Compared with low-skilled workers, high-skilled workers have more 

opportunities to access the Internet. Studies have shown that the majority of the providers 

of these platforms are highly educated (Hall and Krueger, 2015) and have full time jobs 

(Schor, 2007). Hence, these gig platforms may attract more high-skilled workers and 

increase the competition in the industry.  
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Second, there exists a productivity gap between low-skilled workers and high-

skilled workers in the online platforms. Technology is biased towards high skill workers 

(Acemoglu and Autor 2011). The high-skilled workers may find more jobs by presenting 

better social skills. In the research context, the actual services are performed offline. 

Thus, interaction and communication skills can help high-skilled workers attract more 

consumers. At the same time, high-skilled workers can better utilize the online resources. 

They may apply Internet experience to build better profiles to attract more consumers. 

Thus, the entry of the high-skilled workers will compete with the workers in the original 

industry and crowd out low-skilled workers. For instance, research shows that the 

Airbnb’s entry into the state of Texas reduce the hotel revenue in an 8%-10% range. Hall 

and Krueger (2015) finds that “the average earnings of the Uber drivers are $19.19 per 

hour, compared to $12.90 per hour for employed drivers”.  

To sum up, gig platforms may increase the industry competition by attracting 

heterogeneous skill workers. Base on skill-biased technological change view, online 

platforms may increase the productivity for high-skill ed workers, and crowd out low 

skill workers from the incumbent business. Hence, the entry of the online gig-economy 

platform can reduce the total number of workers, which stands in stark contrast to the 

theoretical prediction derived from the literature on social-economic impact of gig 

platforms. Given the divergence on theoretical mechanisms, we next bring in rigorous 

empirical scrutiny and new evidence to understand the employment effect of a gig 

platform in the housekeeping industry.  

4.3 Theory Development 
4.3.1 Gig-Economy Platform and Local Employment 
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The impact of technological progress on employment has been discussed 

extensively in the literature (e.g., Mortensen and Pissarides 1997; Aghion and Howitt 

1998; Autor and Salomons 2017). To sum up, technological progress may have two 

potential impacts on employment. When the technology is "disembodied", the new 

technology has a "creative destruction" effect since the workers with relatively high 

productivity can substitute the workers with relatively low productivity. Second, when 

the technology is “embodied”, the emergence of technology has a “capitalization effect”, 

which increases the expected profits and thus creates new job opportunities.  

On the one hand, the introduction of the gig platforms could increase the local 

employment (i.e., the number of workers in the related occupations) from two 

perspectives. First, the new platforms facilitate the buyer-seller matching by reducing the 

search cost (e.g., Bakos and Bailey 1997). In these platforms, both buyer and sellers are 

easier to find each other based on the location, which increases the market efficiency and 

reduces labor "slack". It is also easier for the service buyers to compare the prices 

provided by different service providers, which facilities the matching process. Second, 

these platforms increase information transparency by reducing information asymmetry 

(e.g., Dellarocas and Wood 2008). These platforms provide the user profile, review 

system, and working history, which reduce the uncertainty related to the other party and 

regulate buyer and seller's behavior. For instance, Morene and Terwiesch (2014) find that 

providers with high reputation are more likely to be contracted. In addition, study finds 

that the feedback system in the crowdsourcing platforms increase both the number of 

quality of submissions (Jian et al 2014). Third, these platforms can provide 

heterogeneous personal services, which satisfy the consumer preferences that favor 
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variety over specialization for services (Autor and Dorn 2012). For these reasons, the 

introduction of the online gig-economy platform with increase the labor supply to match 

the increased demand in the industry. 

On the other hand, the introduction of the gig platforms could reduce the local 

employment by intensify competitions and crowd out local workers. First, there exists 

digital inequality for different skill level workers. Prior studies find that Internet 

utilization are driven by income and education inequality (e.g., Hsieh et al. 2011). 

Compared with low-skill workers, high-skill workers have more opportunities to access 

the Internet. Prior studies suggest that the majority of the providers of these platforms are 

highly educated (Hall and Krueger, 2015) and have full time jobs (Schor, 2007). Hence, 

the online platforms increase the labor supply by attracting more high skill workers and 

increase the competition in the industry. Second, compared with low-skill workers, high-

skill workers may have higher productivity in the online platforms. Technology is biased 

towards high skill workers (Acemoglu and Autor 2011). On the one hand, the high-skill 

workers may attract more demand by presenting better social skills. In the research 

context, jobs are finished offline. Thus, interaction and communication skills can help 

high-skill workers attract more consumers. On the other hand, high-skill workers can 

better utilize the online resources. For instance, they apply Internet experience to build 

better profiles to attract more consumers. Thus, the entry of the high skill workers will 

compete with the workers in the original industry and crowd out low skill workers. For 

instance, research shows that the Airbnb’s entry into the state of Texas reduce the hotel 

revenue in an 8%-10% range. To sum up, the online platform may increase the industry 

competition by attracting heterogeneous skill workers. Base on skill-biased technological 
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change view, online platforms may increase the productivity for higher skill workers, and 

crowd out low skill workers from the incumbent business. Hence, the entry of the online 

gig-economy platform can reduce the number of workers in the incumbent business. 

Table 4.1. Summary of the Impact of Gig Platform on Different Skill-Level Workers 
 Relocation effect Crowding-out effect 

Cognitive  
(Middle-Skilled) 

Routine work may be by 
replaced by computers.  

Have necessary technical and 
social skills  

Manual  
(Low-Skilled) 

Manual work hard to be 
replaced by computers.  

Limited technical and social skills  

Effects  The effect may be stronger for 
middle-skill workers.  

The effect may be stronger for 
low-skill workers.   

Note: Bekman et al 1998; Bresnahan et al 2002; Autor 2003; Dorn and Autor 2013      

Next, we further explore the role of online gig platform for workers with different 

skill levels. Theoretically, technological progress has various impacts on workers with 

different contents (Autor et al 2003). Thus, we analyze the impact of the online gig-

economy platform from different working contents in the incumbent industry. Based on 

the occupation code (NASIS) provided by Beaure of Labor Statistics (BLS), we survey 

and classify the labor types of seven occupations in service and related industry (e.g., 

building and cleaning; transportation). We found that there are mainly two kinds of 

labors. The first group is routine cognitive workers (Autor et al 2013), which are first-line 

managers and supervisors of direct manual workers. According to the definition from 

BLS, “their main job is to supervise and monitor project activities to ensure the 

instructions are followed, deadlines are met, and schedules are maintained”. The second 

group is non-routine manual workers (Autor et al 2013). Theoretically, technological 

progress has different effects on routine and non-routine workers. Thus, we explore the 

mechanism of the gig economy impacts on two different types of workers separately. The 

explanations are summarized in Table 4.1. 



 

123 

4.4 Empirical Analysis  
4.4.1 Research Context  

Our research context is TaskRabbit – a gig platform that matches freelance labor 

with local housekeeping demand online. It allows participants to find immediate help in 

the neighborhood with everyday tasks, such as cleaning and moving (Isaac 2015). Our 

research focuses on the traditional housekeeping industry where the main services can be 

covered by TaskRabbit’s business. We choose this platform for three reasons: first, the 

entry of TaskRabbit has temporal and geographical differences—the company has 

expanded its services to 20 US counties from 2008 to 2014. The expanding history offers 

us a good opportunity to utilize DID to identify its impact on local employment (Table 

4.3). Second, TaskRabbit is one of the earliest and largest gig platforms that allow users 

to outsource small tasks (e.g., cleaning) to local workers (Isaac 2015). Thus, TaskRabbit 

is a representative gig platform that potentially has a large influence on the housekeeping 

industry. Third, while the platform matches housekeeping demand and supply online, it 

only allows workers to perform their offline services locally within a county. This 

precludes the concern about geographical interference and allows us to clearly capture the 

changes in local employment by the introduction of TaskRabbit.  

We focus on the employment of housekeeping industry for the following reasons: 

First, the housekeeping industry offers services (e.g., cleaning) for which labor demand 

and supply can be matched online via gig platforms. In addition, such an industry is the 

focus of many large gig platforms (e.g., TaskRabbit, Handy). Second, the housekeeping 

industry consists of workers with different skill-levels, including both low-skilled 

(manual) workers, i.e., cleaners and janitors, and middle-skilled (cognitive) workers, i.e., 
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first-line managers and supervisors. This provides us a good opportunity to examine the 

effects of gig platforms on the number of workers with different skills.  

Table 4.3. Entry Time of TaskRabbit 
Areas Entry Date 
Boston, MA  July, 2008 
San Francisco Bay Area  August, 2010 
Orange County, CA June, 2011 
New York City, NY  June, 2011 
Chicago, IL  September, 2011 
Portland, OR  December, 2011 
Seattle, WA  December, 2011 
Austin, TX  February, 2012 
San Antonio, TX February, 2012 
Atlanta, GA  August, 2013 
Dallas, TX August, 2013 
Houston, TX  August, 2013 
Washington, DC August, 2013 
Philadelphia, PA  August, 2013 
Denver, CO November, 2013 
Miami, FL November, 2013 
Phoenix, AZ November, 2013 
San Diego, CA  November, 2013 

 

4.4.2 Data and Method 
To empirically identify the effect of TaskRabbit, we have consolidated a unique 

longitudinal dataset by integrating data from multiple sources. For independent variables, 

we collect the data about the entry timing of TaskRabbit to each city in the US through 

TaskRabbit websites and news. Then, we match each specific city with the corresponding 

county (or countries). For dependent variables, we collect data from the Bureau of Labor 

Statistics, which contains detailed information about the number of workers in the local 

housekeeping industry. To account for local market heterogeneity, following Autor and 
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Dorn (2003), we gather information including population, poverty, education, GDP per 

capita at the county-year level from the Census Bureau.  

Table 4.5 presents detailed definitions and statistics of the key variables in our 

dataset. The key independent variable, 2G7RYGZZ853"5<W, is an indicator of whether 

TaskRabbit enter the country 8 in year 5. Specifically, TaskRabbit entered 20 areas 

from 2008 to 2014. On average, the total number of workers in the housekeeping industry 

is 3,686 workers. Specifically, among all the workers, the average number of routine 

cognitive workers (e.g., supervisors/managers) is around 241 and of non-routine manual 

workers (e.g., janitors/cleaners) is 2601. The average number of self-employed in country 

8 in year 5	is around 1801. The correlation among key variables is reported in Online 

Supplement. 

We employ a DID (difference-in-differences) framework to estimate the changes 

in the local housekeeping employment (i.e., the number of full-time workers) before and 

after the introduction of TaskRabbit, compared to that in the remaining counties that have 

yet been served by TaskRabbit over the same period between 2006-2015. Our unit of 

analysis is on the county-year basis. The specification is as follows:  

W&( = ./2G7RYGZZ85&( + \&(] .: + ,& + =( + -&5 + ^&(                 (Eq. 1) 
 

Where yit represents the log-transformed number of full-time workers in county i 

in year t. The independent variable is a dichotomous indicator, TaskRabbit, about 

whether the TaskRabbit platform entered county 8 in year 5. We include a vector of 

covariates, X, to account for time-varying county-level heterogeneity from four 

perspectives. First, we control aggregated education attainment for each county. Second, 

we account for the demographic and social-economic development of each county, 
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including total population, the ratio of population that aged above 65 years, the ratio of 

female in population, Caucasian percentage, poverty percentage. Third, we control for 

service and high technology occupations share in the total employment to account for 

employment differences in the related industry among counties. To account for the time-

invariant unobserved heterogeneities, we use time fixed effects (λt) to account for 

common trends of labor supply and demand in the U.S., and as well as county fixed 

effects (γi) for unobserved time-invariant heterogeneity (e.g., geographical location, 

climates) in each county. Specifically, we include county-specific linear time trends (-&5) 

to allow for varying trajectories in employment patterns across counties, which capture 

the overall demand changes across counties.  

Table 4.4. Data Sources 
Data   Data Sources 
TaskRabbit Entry Information  News & Websites 

Total employment, annual wage per occupation at the MSA level; 
Unemployment rate and inflation rate at the MSA level; 
Education attainment at the occupation level.   

Bureau of Labor Statistics 

Nonemployer statistics;  
Population;  
Poverty;  
Education;  
GDP; 
Personal Income at the MSA level;  

Census Bureau 

The number of establishments and annual wage at the county level.   County Business Patterns 
 

4.4.3 Results 
The regression results are presented in Table 4.6. Columns 1 and 2 present the 

estimates without and with county-specific linear trends. We find that the introduction of 

the TaskRabbit is associated with a significant decrease in the number of full-time workers 

(-2.9%, p<0.05) in the housekeeping industry, suggesting that the entry of TaskRabbit may 

reduce the full-time employment in the housekeeping industry.   
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Table 4.5. Summary Statistics for Main Variables 
VARIABLES Definition Mean SD Min Max 

Entry 1=TaskRabbit entry, otherwise 0 0.02 0.126 0 1 
Total Number 
workers 

Number of workers in specific occupations 3,686 7,772 50 141,20
7 

Middle-skill worker Number of supervisors/managers of HK 241.9 505.5 3.118 9,516 
Low-skill worker Number of janitors/cleaners of HK 2,601 5,485 35.25 98,005 
Self-Employed Self-Employed workers in the HK industry 1,801 3,860 0 60,939 
SelfEmpShare The share of employment of self-employed 0.15 0.069 0 0.54 

Control Variables      
CollegeAbove Percentage of bachelor degree or higher (%) 0.27 0.10 0.07 0.74 
ServiceShare Share of service employment 0.13 0.03 0.05 0.33 
TechShare Share of high technology employment 0.06 0.03 0.00 0.22 
Population  Log transfer of total Population 12.16 0.89 10.98 16.13 
SexRatio Ratio of male to female in population 96.94 4.70 80.10 163.8 
OldRatio Ratio of year over 65 to total labor force 22.06 7.52 7 144.6 
ChildRatio Ratio of year below 14 to total labor force 37.91 5.77 18.30 69.60 
White Ratio Percentage of white in population 0.80 0.15 0.16 0.10 
Poverty Percentage Percentage of population below poverty line 0.14 0.05 0.01 0.44 
UnemploymentRate Unemployment rate 7.06 3.29 1.10 28.90 
Categories      
Total: Housekeeping industry.      
1011: First-line supervisors/managers of housekeeping and janitorial workers.     
1012: First-line supervisors/managers of landscaping, lawn service, and grounds keeping workers.  
2011: Janitors and cleaners, except maids and housekeeping.       
2012: Maids and housekeeping cleaners.      

 
Table 4.6. DID Estimation of TaskRabbit Entry on the Local Housekeeping 

Employment  
 DV: log(Full-Time Employment) 

(1) (2) 
TaskRabbitEntry -0.0289*** -0.0278*** 
 (0.0142) (0.0142) 
All Covariates YES YES 
County Fixed-Effects YES YES 
Year Fixed-Effects YES YES 
County-Specific Time 
Trends 

NO YES 

# of Observations 8,040 8,040 
# of Counties  804 804 
R-squared 0.291 0.294 

Notes: Covariates in Table 2 are all included but omitted here for brevity. Robust standard errors 
(clustered in counties) in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

The primary assumption of the DID model is that there is no difference in the pre-

treatment trends between treated and untreated counties (i.e., parallel trend assumption). 
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A violation of this assumption could be caused by nonrandom selection into certain areas. 

Following Autor et al. (2003), we replicate our analysis using a relative time model. This 

model helps to check whether a pre-treatment trends exists. Figure 4.1 plots the 

coefficients of the pre- and post-treatment dummies relative to the baseline year. As seen, 

none of the pre-treatment dummies are significant, implying that there are no significant 

differences in pre-treatment trends across counties. Finally, we observe a significant 

downward trend after the TaskRabbit entry.  

 
Figure 4.1. Effects of TaskRabbit Entry on Local Housekeeping Employment, Over 

Time  

 

 
4.3.4 Robustness Checks 

The first concern is that the introduction of TaskRabbit may endogenously be 

determined by the past employment status in the local housekeeping industry. To address 

this issue, we use discrete time hazard model to predict TaskRabbit entry using time-

varying covariates, plus the employment level in one year, two years, and three years 

prior to the TaskRabbit entry. Results are presented in Table 3.7 and we do not find 

evidence of such a reverse causality. 

 



 

129 

Second, there may exist a selection issue, that is, counties that have yet been 

chosen by TaskRabbit might not be an ideal counterfactual to the treated counties. To 

remedy this, we use Coarsened Exact Matching to adjust the balance of time-varying 

covariates (i.e., population, unemployment rate, education level, poverty level) between 

treated and untreated counties and replicate the regression. Results are presented in Table 

4.8 and remain consistent.   

Table 4.7. Discrete Time Hazard Models Predicting TaskRabbit Entry 
 (1) (2) (3) 

Dependent Variables TaskRabbitEntry TaskRabbitEntry TaskRabbitEntry 
    
lag1Yr_Employment -0.000119   
 (0.00128)   
lag2Yr_Employment  -0.00113  
  (0.000962)  
lag3Yr_Employment   -0.00163 
   (0.00173) 
Population 1.14e-06*** 9.32e-07*** 7.95e-07*** 
 (2.17e-07) (2.24e-07) (2.34e-07) 
Ln(CollegeAbove) 0.0384** 0.0335** 0.0224 
 (0.0166) (0.0149) (0.0136) 
Poverty -0.0877 -0.138** -0.108* 
 (0.0649) (0.0663) (0.0629) 
SexRatio -0.00312*** -0.00299*** -0.00263*** 
 (0.000883) (0.000852) (0.000831) 
AgeRatio -0.00364*** -0.00322*** -0.00297*** 
 (0.00127) (0.00121) (0.00114) 
TechShare 0.111 0.119 0.117* 
 (0.0718) (0.0741) (0.0704) 
Constant 0.209 0.244 0.226 
 (0.153) (0.150) (0.150) 
Observations 7,681 7,615 7,565 
Number of MSAs 783 783 789 
County FE YES YES YES 
Year FE YES YES YES 

Robust standard errors (Clustered in County) *** p<0.01, ** p<0.05, * p<0.1 
 

Third, we consider alternative operationalization of treatment radius. We currently 

estimate the effect at the county level, which may be larger than the service scope (i.e., a 
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city) of TaskRabbit. To mitigate this concern, we replicate the model using MSA-level 

data, and we find that the effects remain constant (Table 3.9).  

Table 4.8. Coarse Exact Matching for Treated Groups 
 (1) (2) 

Dependent Variables Ln(Total) Ln(Total) 
TaskRabbitEntry -0.0355* -0.0330* 
 (0.0185) (0.0184) 
Population 1.70e-06*** 1.69e-06*** 
 (2.50e-07) (2.50e-07) 
Ln(CollegeAbove) -0.0477 -0.0614 
 (0.0599) (0.0599) 
Poverty -0.905*** -0.924*** 
 (0.206) (0.206) 
SexRatio 0.00201 0.00189 
 (0.00221) (0.00224) 
AgeRatio -0.000759 -0.000904 
 (0.00180) (0.00180) 
TechShare -2.432*** -2.428*** 
 (0.310) (0.312) 
Constant 8.512*** 7.816*** 

 (0.286) (0.301) 
   

Observations 2,666 2,666 
R-squared 0.340 0.348 
County FE YES YES 
Year FE YES YES 
Linear Trend NO YES 
Robust standard errors (clustered in county) *** p<0.01, ** p<0.05, * p<0.1 

 
Last, we consider the distribution of dependent variables and vary our empirical 

specifications. Our current dependent variable is measured by the count of full-time 

workers in the housekeeping industry. Skewed as the count variable, we have used 

logarithm transformation to rule out outliers and to interpret the OLS estimates as 

percentage changes. However, normality assumption of the OLS may not be satisfied 

here. Alternatively, we use negative binomial estimators. The observed effects still hold 

(Table 4.10). 

4.4 Underlying Mechanisms: Redistribution Effect 
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To further explore the effect of TaskRabbit on full-time workers with different 

skill levels, we classify two groups in the total housekeeping employment: (i) first-line 

supervisors and managers (Occupation codes as 1011 and 1012 in Table 2) and, (ii) 

janitors and cleaners (2011 and 2012 in Table 2). Per extant labor economics studies 

(e.g., Autor and Dorn, 2013), the first group belongs to middle-skilled workers, while the 

second group belongs to the low-skilled workers. Such categorization is based on the 

average income level of occupations28. We replicate the main analysis for employment 

of both subgroups.  

Table 4.9. DID Estimation at the MSA Level  
 (1) (2) 

Dependent Variables ln (No.Workers) No.Workers 
   
TaskRabbitEntry -0.047** -1,953.573** 
 (0.019) (930.213) 
Ln(Poverty) -0.178*** -168.8*** 
 (0.0298) (58.81) 
Ln(Population) 1.173*** 3,753*** 
 (0.113) (463.0) 
SexRatio -0.000309 -108.3*** 
 (0.00113) (18.80) 
AgeRatio -0.00368* -177.6*** 
 (0.00188) (32.73) 
CollegeAbove  -0.001* -188.262 
 (0.001) (1,633.122) 
TechShare 0.208* 252.0* 
 (0.378) (634.4) 
Constant 8.336*** 7,485.357*** 
 (0.059) (1,348.598) 
   
Observations 5,294 5,294 
Number of msaid 313 313 
Adjusted R-squared 0.079 0.078 
MSA FE YES YES 
Year FE YES YES 

Robust standard errors (Clustered in MSA) *** p<0.01, ** p<0.05, * p<0.1 
 

 

28 Income information is acquired through occupational employment statistics of Bureau of Labor Statistics. 
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Table 4.11 shows the results. Interestingly, we find that the TaskRabbit entry has 

heterogeneous impacts across distinct skill levels of workers. In particular, while 

TaskRabbit entry is associated with a significant decrease in employment of middle-

skilled cognitive workers (supervisors and managers) (-0.055, p<0.05), the effects on the 

low-skilled workers (janitors and cleaners) are not significant. 

Table 4.10. Fixed-Effect Negative Binomial Model 
 (1) (2) 

Dependent Variables  No.Workers  No. Workers  
   

TaskRabbitEntry -0.0420** -0.0412** 
 (0.0206) (0.0206) 
Population 6.48e-07*** 6.50e-07*** 
 (1.02e-07) (1.02e-07) 
Ln(CollegeAbove) -0.385*** -0.384*** 
 (0.0603) (0.0604) 
Poverty -1.371*** -1.374*** 
 (0.210) (0.211) 
SexRatio 0.00126 0.00137 
 (0.00208) (0.00209) 
AgeRatio 0.000580 0.000496 
 (0.00164) (0.00165) 
TechShare -1.350*** -1.364*** 
 (0.352) (0.352) 
Constant 7.059*** -4.215 
 (0.274) (23.60) 
Lnalpha  -2.599*** -2.601*** 
 (0.0211) (0.0212) 
Observations 7,995 7,995 
County FE YES YES 
Year FE NO YES 
Linear Trend YES YES 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
 

There could be two plausible explanations for the decline of full-time 

employment. First, this gig platform may replace first-line supervisors and managers by 

directly matching and locating janitors and cleaners to local housekeeping demand via the 

platform. In other words, the gig platform may substitute managers who match demand 

and supply offline. Therefore, we expect to see that middle-skilled workers become 
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unemployed or switch to other related occupations after the entry of TaskRabbit. We 

herein call such a labor redistribution the “Unemployment Hypothesis” for the skill-

substitution role of online gig platforms. Specifically, if the Unemployment Hypothesis 

holds, we would expect that the effect would be weaker for low-skilled workers since 

they have limited skills to adopt the new form of technology. 

Table 4.11. DID Estimation of TaskRabbit Entry on  
the Full-Time Local Housekeeping Employment at Different Skill Levels 

 DV: log(Middle-Skilled Workers) DV: log(Low-Skilled Workers) 
 (1) (2) (3) (4) 

TaskRabbitEntry -0.0549** -0.0541** -0.0273 -0.0266 
 (0.0266) (0.0267) (0.0266) (0.0266) 
All Covariates YES YES YES YES 
County Fixed Effects YES YES YES YES 
Year Fixed Effects YES YES YES YES 
County-Specific Time 
Trends 

NO YES NO YES 

# of Observations 8,040 8,040 8,040 8,040 
# of Counties  804 804 804 804 
R-squared 0.037 0.038 0.062 0.064 

Note: Robust standard errors (clustered in counties) in parentheses *** p<0.01, ** p<0.05, * p<0.1  
Second, it is also possible that the rise of gig platforms attracts the managers to 

the platform from their traditional businesses in the same industry. Managers could 

exploit the high matching efficiency of this platform to recruit and supervise janitors and 

cleaners more efficiently. The platform also offers flexibility and autonomy to these 

middle-skilled workers. Hence, we may expect to see that managers move away from 

traditional businesses to start up new businesses by leveraging such gig platforms as 

TaskRabbit. We herein call such a labor redistribution the “Entrepreneurship Hypothesis” 

for the skill-complementary role of online gig platforms as they encourage local 

entrepreneurship as a form of self-employment. 

To test which hypothesis (“Unemployment” or “Entrepreneurship”) dominates as 

underlying mechanism that drive the observed decline in full-time employment, we have 

collected data on unemployment and self-employment in the housekeeping industry, and 
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the employment of related occupations29. Unemployment data is derived from the US 

Census Bureau, while self-employment data from US Bureau of Labor Statistics. Self-

employed workers are the workers who work for profit or fees in their own business, 

profession, trade, or farm (Bureau of Labor Statistics). There are two types of self-

employed workers: (i) incorporated and (ii) unincorporated. The first category contains 

workers who have their own businesses, while the second contains workers who work 

temperately and flexibly or are called “freelancers”. We combined both these categories 

to construct the measure for the number of local self-employed workers in the 

housekeeping industry. We acquire the related occupations information based on the 

occupation definition in O*Net database. These groups of occupations require the similar 

kinds of skills and are easy for workers to transfer. We replicate the DID model to 

examine the impacts of TaskRabbit entry on the number of unemployed and self-

employed workers in the housekeeping industry and number of workers in the related 

occupations.  

Table 4.12 shows the results. Interestingly, we find that while the introduction of 

TaskRabbit does not significantly affect unemployment and related occupations (Column 

1 and 3), it statistically significantly increases the number of self-employed workers in 

the housekeeping industry by 13.98% (p<0.01, Column 2). These findings support the 

“Entrepreneurship Hypothesis” instead of “Unemployment Hypothesis”. It has a 

significant implication that, instead of crowding out local employment (i.e., making 

workers unemployed or moving to other industries), gig platforms may complement 

 

29 We include four groups of housekeeping related occupations: 1) Protective Service, (2) Food Preparation and 
Serving, (3) Personal Care and Service, and (4) Transportation and Material Moving Service. 
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workers, especially cognitive skilled (or middle-skilled) workers, by redistributing them 

towards more local entrepreneurship activities. 

Table 4.12. DID Estimation of TaskRabbit Entry on  
Unemployment and Self-employment in the Housekeeping Industry 

 
DV: 

log(Unemployment) 
DV: log(Self-
Employment) 

DV: 
log(RelatedOccupations) 

 (1) (2) (1) 
TaskRabbitEntry -0.0095 0.1380*** -0.0237 
 (0.0705) (0.0389) (0.0283) 
All Covariates YES YES YES 
County Fixed Effects YES YES YES 
Year Fixed Effects YES YES YES 
County-Specific 
Time Trends YES YES YES 
# of Observations 4,130 4,130 4,130 
# of Counties  413 413 413 
R-squared 0.01 0.055 0.19 

Note: Only 413 counties here have consistently been identified in unemployment and self-employment data. 
Robust standard errors (clustered in counties) in parentheses *** p<0.01, ** p<0.05, * p<0.1 
 

4.5 Discussion and Conclusion 
We study the impact of gig platforms on the local labor market. Exploiting the 

geographical and temporal expansion pattern of TaskRabbit into US counties in 2006-

2015, we observe a significant decrease in full-time employment in the local 

housekeeping industry in the TaskRabbit-served areas. We also find that the middle-

skilled cognitive workers (i.e., managers and supervisors) in the housekeeping industry 

decrease significantly after the TaskRabbit entry, which has no significant impacts on 

low-skilled (manual) workers (i.e. cleaners and janitors). This suggests that gig platform 

do not “crowd out” low-skilled workers in the industry. To further explore the decrease in 

middle-skilled employment (i.e., managers and supervisors), we find that the 

corresponding self-employment in the industry significantly increases, while the 

unemployment holds constant. The findings, while need further corroboration, imply that 

gig platforms like TaskRabbit does not crowd out middle-skilled workers but facilitate 
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their mobility towards local entrepreneurship activities in order to reap the benefits of 

high matching efficiency on the gig platforms.   

This study makes two key theoretical and empirical contributions. First, this study 

leverage and extends SBTC ("Skill-Biased Technical Change") theory to analyze the 

impact of a new technology, the gig platform, on offline local labor markets (Autor et al. 

2003, Bekman et al. 1998). Second and relatedly, our study contributes to the emerging 

literature on the broader impact of the gig economy on online labor markets. Extant 

studies have provided competing predictions and evidence on the role of gig economy 

platforms (Fraiberger and Sundararajan 2017, Schor 2017). We offer comprehensive and 

robust empirical evidence on whether, how, and why gig platforms affect local labor 

markets and redistribute employment by skills.   

This study provides insightful practical and policy implications. The workers in 

traditional industries can better understand the nature of gig-economy platforms and how 

they may influence their future careers. The policymakers and social planners should be 

aware of the significant role of platforms on local labor mobility and regional economy. 

Developers of such platforms could use our findings on the heterogeneous effects across 

skills to better optimize their services to incubate local entrepreneurship.   
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APPENDIX A.  

ESSAY 1: MANUAL CODING  

1. Procedures for developing the Codebook 

Following content analysis procedures suggested by Neuendorf (2016), we conducted 

three pilot studies to acquire the appropriate levels of each measurement. We first used 

stratified sampling to select 30 descriptions for each dimension of the project description 

in CFBs. Then we conducted three pilot studies with two, three, and five different levels, 

respectively, and we trained three research assistants to code the sample of the project 

descriptions. For the pilot study with three and five levels, we found there were no 

significant variations among different levels, and coders could not reach high reliability. 

In contrast, the pilot study with two levels achieved high performance, and we found that 

the two levels are adequate to capture the variance of the proposed dimensions of project 

descriptions. After discussions with the coders, we found that one possible explanation 

for the low reliability for the pilot studies with three and five levels is that the average 

length of project descriptions is short (around 80 words), and it is difficult for coders to 

distinguish marginal differences. Thus, we adopted the coding scheme that uses two 

levels for each dimension that were shown to be exhaustive and mutually exclusive 

(Neuendorf 2016). 

 
2. Codebook of Manual Coding 
Codifiability (Adapt from Liu and Aron 2015)  

Please assess the description and code codifiability as a binary scale: High or Low. If the 

project description contains detailed procedures, please code codifiability as High. 
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Otherwise, please code codifiability as Low. Detailed examples are provided in Table 

A1. 

Table A1. Examples for Codifiability 
Codifiability Definition Examples 

High 

The project description contains 
detailed procedures or activities 
needed to be completed in the 
project.  
For example, the description may 
contain the following words or 
sentences:  
Words: procedures, guidelines, 
rules, steps, instructions  
Sentences:  
1. Please follow the steps 
described below: 
2. Please perform the following: 
3. Here are some instructions 
about how to execute the service: 
4. It needs to have the following 
procedures:  
5. Step1..., Step2..., Step3… 

Title: Adjust WordPress Template 
Project description: 
Hello, we want to hire someone help us 
adjust Wordpress Template to our 
website as follows:  
1. To make it Hebrew Layout, from right 
to left, DIRRTL  
2. To adjust colors to our website colors, 
small adjustments  
3. To replace the logo and to add 
additional menu item in top menu  
4. To adjust few static pages’ layout  
We'll provide all needed graphic 
changes ... color, elements, layout ... 
etc. ... The TM template is in attached 
file, please check and bid accordingly 

Low 

The project description does not 
contain the detailed procedures 
or activities needed to be 
completed for the project.  

Title: A WordPress Developer 
Project description: 
I need a redesign on my website which I 
use to sell instrumentals. Something 
simple and inviting for people to use the 
beat store widget. Urgent work needed. 

 
Flexibility (Adapted from Susarla 2012)  

Please assess the description and code flexibility on a binary scale: High or Low. If the 

project description allows re-negotiation (such as updating of service terms or price 

adjustments), please code flexibility as High. Otherwise, please code flexibility as Low. 

Detailed examples are provided in Table A2. 

Table A2. Examples for Flexibility 
Flexibility Definition Examples 

High 
The project description contains 
re-negotiation opportunities such 
as updating the service terms or 

Title: Website Development 
Project description: 
Hi, I am looking to hire a developer to create 
only the beginning of an application. I do not 
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change prices under changed 
circumstances.  
For example, the following words 
may indicate flexibility: 
Words: flexible, negotiable, 
adjustable, updated, change, 
options 
Sentences:  
1. The contract price may be 
negotiable. 
2. The contract period can be 
extended if I need additional 
functions. 

have clear idea about how long this project 
will take. The project budget showed above 
can be negotiable.  
 
Title: Write App Application  
Project description: 
Hi, please find below the requirements of my 
project. this plan is not final. Further 
additions/reductions and modifications in the 
problem statement could be made depending 
on implementation issues. 

Low 

The project description does not 
contain provisions to update the 
service terms or change prices 
under specific conditions. 

Title: Website Development 
Project description: 
I need a web developer to help me create a 
new website for my new e-commerce store. 
My budget is 300 dollars and will need to be 
completed within 7 days. 

 
Outcome Standards 

1) Quality Standards (Adapted from Chen and Bharadwaj 2009 and Gopal and Koka 

2012)  

Quality standards assess how well the deliverables are performed, such as the 

requirements of specific attributes of deliverables. Please code quality standards as High 

if the project description contains either or both of the following statements.  

(1) The description contains requirements for the functionality, usability, and reliability of 

the deliverables.  

(2) The description contains benchmarks of the deliverables.  

Otherwise, please code quality standards as Low. The detailed examples are provided in 

Table A3. 

Table A3. Examples for Quality Standards 
Quality 
Standards 

Definition  Examples 
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High  

The project description 
contains 
 
(1) requirements for 
functionality, usability, and 
reliability of the deliverables 
and/or 
(2) benchmarks of the 
deliverables. 

Functionality: The new shopping website should 
be able to navigate consumers to different 
categories and visually appealing.  
Usability: The developed apps should be ease of 
use for aged people. 
Reliability: The final deliverable should be used 
under different environment conditions and keeps 
low error rate.  
Benchmarks:  
1. Design a simple WordPress theme looks like 
this website [‘url’].  
2. Doing SEO in Google—White Hat Only.  

Low  
The project description does 
not contain either of 
statements.  

Title: SEO my Website  
Project description: 
Looking to increase the search-ability and traffic 
to our website via Google and other search engine 
platforms.  

2) Quantity Standards (Adapted from Kirsch et al. 2002) 

Quantity Standards assess how much of work is required such as the requirements of a 

specific number of deliverables. Please code quantity standards as High if the project 

description contains clear quantity standards of the deliverables. Otherwise, please code 

quantity standards as Low. Detailed examples are provided in Table A4.  

Table A4. Examples of Quantity Standards 
Quantity  
Standards 

Definition Examples 

High  

The project description 
contains clear quantity 
standards for the 
deliverables. 

1. I need a 3-5-page website.  
2. Enter information for all 100 products. 
3. You are expected to submit 4 different 
kinds of designs.  
4. I need someone who can write code for five 
mobile applications.  

Low  

The project description does 
not contain clear quantity 
standards for the 
deliverables.  
For example, this type of 
descriptions may lack 
quantity standards of the 
services. 

Title: SEO my Website  
Project description: 
Hi, Great Freelancers!! I need some developers for 
a project, almost every category of 
developers/designers needed. Please send your 
Portfolios/Profiles/Links of work done. Happy 
Bidding!  
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APPENDIX B.  
ESSAY 1: DETAILS OF THE DOC2VEC ALGORITHM  

The intuition of doc2vec is that words and documents with similar syntactic and 

semantic meanings tend to occur in the same context (Mikolov et al. 2013). The 

algorithm uses two steps. First, doc2vec maps each word and document into one unique 

vector using unsupervised training. The vectors are averaged or concatenated to predict 

the target word given the context words and the document. Second, doc2vec assigns 

random weights to each vector and updates the weights to maximize the ability of context 

words and documents to predict the target word. The doc2vec algorithm will iterate for 

every word and document in the data until the maximum conditional probability is 

achieved. Thus, the word and document with similar features move towards each other in 

a multi-dimensional feature space. 

We applied the doc2vec algorithm by treating each project description as a 

document. As a simplified, illustrative example, suppose we have _ project descriptions 

in the dataset and ` words in the vocabulary. We set the dimension of the vector to d 

and the context window equal to two. Next, we present how the algorithmxxx uses one 

document— a project description (D&) and four context words—wcd:, wcd/, P(U/, and 

P(U: that are randomly selected from the document to predict the target word P(. Table 

B1 presents the project description and the corresponding target word—hire—and four 

context words—want, to, a, developer. Figure B1 shows the visualization of a simplified 

network. 

Table B1. Context and Target Words  
 

xxx There are two types of doc2vec models —distributed memory model and distributed bag of words. The 
example presents the distributed memory model which use the document and context words to predict the 
target words.  
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Description (cf)  …   I    
[ want to hire a developer ]       to help … 

  wcd: wcd/ wc wcU/ wcU:  
 

Figure B1. Doc2vec Network 

 
1. Input layer: Each document (D&) and context word (e.g., P(d/) is mapped onto a 

one-hot vector, which represents the index of the document in the whole observations 

and the word in the vocabulary. Specifically, the document vector’s 8(g dimension is 

set to one and other dimensions are set to zero. Similarly, the word vector’s (5 − 1)(g 

dimension set to one and other dimensions set to zero. The total number of 

dimensions for the document vector is N, and the total number of dimensions for the 

word vector is V. Thus, we get five one-hot vectors from this step: 

jk, lmdn, lmdo,lmUo,lmUn. 

2. Projection layer: The learning algorithm starts with two randomized initialized 

metrics pq×r and st×N. pq×r is a document embedding matrix where each row 

8 of p is the 1 × O vector embedding for document 8 in the N number of 

documents. st×N is a word embedding matrix where each row 5 of s is the 

1 × O vector embedding for word 5 in the vocabulary. In the projection layer, jk is 

multiplied by matrix pq×r, and each context word vector (e.g., lmdo) is multiplied 

by matrix sv×r . Thus, the project layer for document vector jk is wk = p ∗ jk, 
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and the project layer for word vector lmdo	is wmdo = s ∗ lmdo	. Now, the 

document and word vectors have the same dimension 1 × O. Then, the algorithm 

averages the five vectors (jk, lmdn, lmdo,lmUo,lmUn) to get one final project layer 

vector shown as yo×r. 

3. Output layer: Next, the algorithm multiplies the project vector yo×r by the 

transpose of the word matrix st×N. The result is a 1 × ` dimensional output vector 

giving a score for each of the V vocabulary words z = y ∗s′. The score for the 

target word P( is the 5c| element in the output vector (z), i.e., W(. 

4. Normalization and Maximization: Then, the algorithm normalizes the dot products 

into probabilities by using the soft-max function: 

softmax	ÑW'Ö =
Üáà

∑ äáãã
 , 

where W' is the score for the ?c| element in the vocabulary. 

The objective of the model is to maximize the average log probability:  

/
t
∑ log F(P(|D&, P(dQ, … ,P(UQ) =

/
t
∑ Üêë

∑ äáãã

tdQ
(íQ

tdQ
(íQ  ,  

where R is the number of context words considered in the algorithm (R=2 in the 

example). The document and word vectors are trained using stochastic gradient descent 

and the gradient is obtained via backpropagation (Rumelhart et al. 1986). At every step of 

stochastic gradient descent, the algorithm samples 2 × R context words from a random 

project description, computing the error gradient from above process. Thus, we get the 

document embedding matrix p and word embedding matrix s from the training. 

After turning each project description into a vector, we used the selected classifiers 

(logistic for codifiability and flexibility and SVM for outcome standards) to predict the 
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levels of the project description for three dimensions based on the training sample. Table 

B2 presents three examples of project descriptions with different probabilities of having 

high codifiability. As seen, the first CFB contains clear and complete 

procedures/activities for executive the project and thus has the highest probability. The 

second CFB contains part of the procedures/activities needed to finish the project while 

the third CFB does not mention the procedures/activities in the description and have 

relatively low probability.  

Table B2. Examples of Project Description with Different Probability of Being High 
Codifiability 

Example Probability of 
High 

Codifiability  
I. Title: Website development  
Project Description:  
1. Modify existing PHP/MySQL based shopping page by adding a product 
detail page.  
2. Add star rating/review script for each seller (existing in MySQL 
database).  
3. Test live with real data on the websites before submitting.  
Please bid the project if you are interested. 

1 

II. Title: Website development  
Project Description:  

I have a store made with a quick shopping cart software and I would like 
to have the site improved using the software it is made with or make a new 
site with our products and add some features such as voice over instructions 
for some product selections. There are about 300 products with several 
variations. 

0.6135 

III. Title: Shopping website development  

Project Description:  

Hi, I need a shopping website. I already have a design for it. I just need it to 
be built. A website which words just like Google for shopping search for 
anything from any store so that you don’t have to search different pages just 
single website with price comparison. 

0.2531 
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APPENDIX C:  
ESSAY 1: CORRELATION MATRIX  

 Variable  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

 1  Contracted 1.000                  

 2  Codifiability 0.026 1.000                 

 3  Flexibility -0.011 0.086 1.000                
 4  
OutcomeStandards 0.036 0.080 0.111 1.000               

 5  lnWordcount -0.067 0.196 0.228 0.249 1.000              

 6  lnTitleCount 0.002 0.036 0.035 0.042 0.215 1.000             

 7  lnGrammarErrors -0.059 0.143 0.160 0.166 0.670 0.148 1.000            

 8  lnReadability -0.056 0.046 0.061 0.071 0.287 0.052 0.268 1.000           

 9  lnEmployerAvg 0.417 0.027 -0.001 0.048 0.021 0.080 -0.004 -0.057 1.000          

10 lnEmployerCount 0.344 0.011 -0.010 0.018 -0.022 0.082 -0.035 -0.087 0.729 1.000         

11 lnNumSkills -0.081 0.000 0.034 0.033 0.178 0.047 0.119 0.078 -0.024 -0.035 1.000        

12 lnBudgetMax -0.195 0.007 0.041 0.040 0.149 -0.039 0.085 0.129 -0.193 -0.265 0.120 1.000       

13 lnDuration 0.099 -0.016 -0.022 0.001 -0.112 -0.026 -0.073 -0.036 0.053 0.069 -0.088 -0.091 1.000      

14 Hourly 0.042 -0.017 -0.008 -0.021 -0.070 0.010 -0.058 -0.045 -0.013 0.104 -0.023 -0.595 0.059 1.000     

15 Quickhire 0.295 -0.018 -0.019 0.031 -0.229 -0.080 -0.138 -0.079 0.151 0.158 -0.216 -0.194 0.442 0.142 1.000    

16 Qualified -0.010 0.015 0.035 0.036 0.056 0.003 -0.004 0.015 -0.015 -0.037 0.069 -0.027 -0.046 0.036 -0.055 1.000   

17 Prepaid 0.202 0.023 0.012 0.028 0.056 0.035 0.036 0.010 0.099 0.062 0.012 -0.001 -0.044 -0.066 -0.051 0.024 1.000  

18 Urgent 0.048 0.017 0.020 0.021 0.060 0.008 0.040 0.020 0.030 0.006 0.018 0.038 -0.625 -0.011 -0.040 0.025 0.050 1.000 
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APPENDIX D:  
ESSAY 1: ROBUSTNESS CHECKS 

We performed additional analyses to confirm the robustness of our main results 

reported in Table 10. 

1. Measurement Error. First, we used alternative measures—the predicted 

probabilities of a project description having high codifiability, flexibility, and outcome 

standards as the three independent variables. We replicated the model in Equation (1) in 

the main text. The results in Table D1 are consistent with our main results. 

To address the measurement errors generated from the machine learning 

algorithm, we also leveraged a simulation-based approach, MC-SIMEX (Küchenhoff et 

al. 2006), as suggested by Yang et al. (2018). MC-SIMEX can correct the measurement 

errors generated by data mining methods using the performance metrices (Table D2) 

(Yang et al. 2018), which fits our context. We replicated the main model in Equation (1) 

and present the results in Table D3 using corrected measures for the three independent 

variables. We found that the coefficients for the three dimensions are consistent with 

those reported in Table 10 in the main text. Specifically, we found that the magnitudes of 

corrected coefficients are larger than the original coefficients, suggesting the 

measurement errors issue has an attenuation effect on the estimated effects. 
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Table D1. Effects of Three Dimensions of Project Descriptions on Contract Success: 
Probability Values 

DV: Contract Success  (1) (2) (3) (4) (5) (6) (7) (8) 

Codifiability  0.183***   0.156*** 0.171***   0.171*** 
 (0.0437)   (0.0439) (0.0523)   (0.0524) 

Flexibility   -0.0810*  -0.0852*  -0.108**  -0.101* 
  (0.0455)  (0.0465)  (0.0543)  (0.0554) 
OutcomeStandards   0.360*** 0.351***   0.328*** 0.319*** 
   (0.0659) (0.0663)   (0.0780) (0.0785) 
lnWordCount -0.0725*** -0.100*** -0.0594*** -0.104*** -0.102*** -0.125*** -0.0872*** -0.128*** 
 (0.0189) (0.0199) (0.0190) (0.0201) (0.0233) (0.0245) (0.0235) (0.0248) 
lnTitleCount -0.0773*** -0.0765*** -0.0800*** -0.0783*** -0.0111 -0.0103 -0.0156 -0.0159 
 (0.0249) (0.0249) (0.0249) (0.0249) (0.0531) (0.0531) (0.0532) (0.0532) 

lnGrammarErrors -0.0417** -0.0398* -0.0377* -0.0392* -0.0313 -0.0293 -0.0269 -0.0288 
 (0.0206) (0.0206) (0.0206) (0.0206) (0.0251) (0.0251) (0.0252) (0.0251) 
lnReadability -0.0334 -0.0316 -0.0358 -0.0320 -0.0383 -0.0363 -0.0406 -0.0363 
 (0.0315) (0.0315) (0.0315) (0.0315) (0.0383) (0.0383) (0.0383) (0.0383) 
lnEmployerAvg 0.940*** 0.940*** 0.940*** 0.939*** 1.163*** 1.161*** 1.163*** 1.159*** 
 (0.0224) (0.0224) (0.0224) (0.0224) (0.0311) (0.0311) (0.0311) (0.0311) 
lnEmployerCount 0.0716*** 0.0723*** 0.0711*** 0.0726*** 0.0990*** 0.0992*** 0.0986*** 0.0994*** 
 (0.0115) (0.0115) (0.0115) (0.0115) (0.0162) (0.0162) (0.0162) (0.0162) 

lnNumSkills -0.0376 -0.0397 -0.0408 -0.0333 -0.0284 -0.0313 -0.0320 -0.0249 
 (0.0356) (0.0356) (0.0356) (0.0356) (0.0444) (0.0444) (0.0444) (0.0444) 
lnBudgetMax -0.182*** -0.180*** -0.181*** -0.179*** -0.241*** -0.240*** -0.241*** -0.238*** 
 (0.0102) (0.0101) (0.0102) (0.0102) (0.0132) (0.0132) (0.0133) (0.0132) 
lnDuration 0.0742 0.0672 0.0716 0.0671 0.0847 0.0781 0.0821 0.0778 
 (0.0907) (0.0903) (0.0904) (0.0905) (0.105) (0.105) (0.105) (0.105) 
Hourly -0.311*** -0.313*** -0.311*** -0.308*** -0.402*** -0.404*** -0.402*** -0.398*** 
 (0.0461) (0.0461) (0.0462) (0.0462) (0.0554) (0.0554) (0.0555) (0.0554) 

Quickhire 2.006*** 2.002*** 2.009*** 2.002*** 2.329*** 2.323*** 2.332*** 2.322*** 
 (0.0632) (0.0633) (0.0632) (0.0633) (0.0739) (0.0739) (0.0740) (0.0739) 
Qualified -0.0502 -0.0575 -0.0556 -0.0607 -0.108 -0.114 -0.114 -0.118 
 (0.0735) (0.0734) (0.0736) (0.0737) (0.0917) (0.0916) (0.0919) (0.0918) 
Prepaid 4.768*** 4.764*** 4.767*** 4.761*** 5.413*** 5.404*** 5.414*** 5.398*** 
 (0.271) (0.271) (0.271) (0.271) (0.285) (0.285) (0.285) (0.285) 
Urgent 0.890*** 0.882*** 0.889*** 0.881*** 1.016*** 1.008*** 1.015*** 1.007*** 
 (0.133) (0.133) (0.133) (0.133) (0.160) (0.159) (0.160) (0.159) 
Constant -0.0693 -0.214 -0.0774 -0.212 -0.128 -0.264 -0.141 -0.261 

 (0.855) (0.862) (0.858) (0.860) (0.917) (0.917) (0.919) (0.917) 
Project Category FE Yes Yes Yes Yes Yes Yes Yes Yes 
Employer Country FE  Yes Yes Yes Yes Yes Yes Yes Yes 
Employer FE No No No No Yes Yes Yes Yes 
Observations 43,130 43,130 43,130 43,130 10,739 10,739 10,739 10,739 
# Employers  25,815 25,815 25,815 25,815 2,848 2,848 2,848 2,848 

Pseudo !" 0.244 0.245 0.244 0.245 0.120 0.120 0.120 0.120 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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Table D2. Precision Matrix for Three Dimensions of Project Descriptions 
 Precision (class 1) Precision (class 0) 

Codifiability  0.92 0.86 

Flexibility  0.94 0.91 

Outcomes  0.86 0.68 

Table D3. Effects of Three Dimensions of Project Descriptions on Contract Success: 
Corrected Measures 

DV: Contracted (1) (2) (3) (4) (5) (6) (7) (8) 

Codifiability  0.177***   0.149*** 0.129***   0.121*** 
 (0.0586)   (0.0563) (0.0364)   (0.0212) 

Flexibility   -0.0930**  -0.138**  -0.0884**  -0.0799** 
  (0.0462)  (0.0509)  (0.0447)  (0.0362) 
OutcomeStandards   0.199*** 0.188***   0.147*** 0.140*** 
   (0.0471) (0.0423)   (0.0280) (0.0281) 
lnWordCount -0.0153 -0.0432* -0.0332 -0.0288 -0.0229 -0.0392* -0.0329 -0.0434 
 (0.0196) (0.0195) (0.0225) (0.0198) (0.0187) (0.0189) (0.0200) (0.0295) 
lnTitleCount -0.0972*** -0.0981*** -0.100*** -0.102*** -0.0969*** -0.0980*** -0.0980*** -0.0997*** 
 (0.0243) (0.0243) (0.0244) (0.0244) (0.0243) (0.0531) (0.0243) (0.0244) 

lnGrammarErrors -0.0312* -0.0312* -0.0251* -0.0274* -0.0303* -0.0291 -0.0274 -0.0284 
 (0.0206) (0.0178) (0.0126) (0.0138) (0.0179) (0.0179) (0.0179) (0.0179) 
lnReadability -0.0413 -0.0405 -0.0476 -0.0475 -0.0411 -0.0418 -0.0437 -0.0441 
 (0.0301) (0.0301) (0.0301) (0.0301) (0.0301) (0.0383) (0.0301) (0.0301) 
lnEmployerAvg 0.985*** 0.987*** 0.9854*** 0.984*** 0.986*** 0.987*** 0.986*** 0.985*** 
 (0.0215) (0.0215) (0.0215) (0.0215) (0.0215) (0.0215) (0.0215) (0.0215) 
lnEmployerCount 0.0675*** 0.0668*** 0.0681*** 0.0686*** 0.0672*** 0.0668*** 0.0674*** 0.0676*** 
 (0.0111) (0.0111) (0.0111) (0.0111) (0.0111) (0.0111) (0.0111) (0.0111) 

lnNumSkills -0.0375*** -0.0383*** -0.0380*** -0.0360*** -0.0382*** -0.0384*** -0.0386*** -0.0372 
 (0.0094) (0.0094) (0.0094) (0.0094) (0.0094) (0.0094) (0.0094) (0.00937) 
lnBudgetMax -0.165*** -0.165*** -0.163*** -0.162*** -0.165*** -0.165*** -0.164*** -0.164*** 
 (0.0104) (0.0104) (0.0101) (0.0104) (0.0104) (0.0104) (0.0104) (0.0104) 
lnDuration 0.0841 0.0803 0.0727 0.0715 0.0831 0.0810 0.0781 0.0775 
 (0.0863) (0.0864) (0.0863) (0.0864) (0.0863) (0.0863) (0.0863) (0.0863) 
Hourly -0.308*** -0.309*** -0.311*** -0.306*** -0.309*** -0.309*** -0.311*** -0.308*** 
 (0.0443) (0.0443) (0.0443) (0.0443) (0.0443) (0.0443) (0.0443) (0.0443) 
Quickhire 2.041*** 2.041*** 2.041*** 2.044*** 2.040*** 2.041*** 2.040*** 2.042*** 

 (0.0582) (0.0581) (0.0582) (0.0582) (0.0581) (0.0581) (0.0582) (0.0582) 
Qualified -0.0579 -0.0676 -0.0819 -0.0776 -0.0186 -0.0157 -0.0143 -0.0156 
 (0.0746) (0.0747) (0.0747) (0.0749) (0.0746) (0.0748) (0.0746) (0.0748) 
Prepaid 4.748*** 4.747*** 4.746*** 4.743*** 4.749*** 4.747*** 4.748*** 4.745*** 
 (0.264) (0.264) (0.264) (0.264) (0.264) (0.264) (0.264) (0.264) 
Urgent 0.955*** 0.957*** 0.939*** 0.941*** 0.955*** 0.956*** 0.948*** 0.949*** 
 (0.131) (0.131) (0.131) (0.131) (0.131) (0.131) (0.131) (0.131) 
Constant -1.040*** -1.026*** -1.048*** -1.042*** -1.041*** -1.023*** -1.046*** -1.046*** 

 (0.212) (0.212) (0.219) (0.212) (0.212) (0.212) (0.212) (0.212) 
Project Category FE Yes Yes Yes Yes Yes Yes Yes Yes 
Employer Country FE Yes Yes Yes Yes No No No No 
Employer FE No No No No Yes Yes Yes Yes 
Observations 43,130 43,130 43,130 43,130 10,739 10,739 10,739 10,739 
# Employers 25,815 25,815 25,815 25,815 2,848 2,848 2,848 2,848 

Note: MC-SIMEX estimation does not provide R2. Standards errors are in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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2. Coarsened Exact Matching (CEM). Second, we conducted CEM to test the robustness 

of our main estimation to project differences in observable characteristics. Following 

related literature (e.g., Hong et al. 2015), we included the project maximum budget, 

project duration, project categories, the number of skills required, employer’s average 

review rating, employer’s number of reviews, and employer’s county as the matched 

covariates. In addition, we included the other dimensions of project description as 

matched variables when examining the effect of one dimension (i.e., as the treatment 

variable). For example, if we use codifiability as the treatment, the other dimensions—

flexibility, and outcome standards—will be included as matched covariates. For 

categorical covariates, such as project category, we conducted the exact match by 

keeping the original values. For the continuous variables, such as project budget, we 

applied automated coarsening, which utilizes the Freedman-Diaconis rule (Blackwell 

2010) to coarsen variables. Then, the algorithm placed each observation in a stratum 

based on the coarsened values, and we dropped the observation whose stratum did not 

contain at least one treated observation and one control observation. Finally, we 

estimated the treatment effect based on the selected sample.  

In total, our one-to-one matching dataset contains 6,996 (57.3% of all treated) 

projects for codifiability, 6,498 (61.6% of all treated) projects for flexibility, and 12,588 

(58.4% of all treated) projects for outcome standards. We replicated the main analysis for 

the selected balanced sample. Specifically, we excluded the categorical variables because 

they already matched exactly, and included the continuous variables since CEM makes 

some imbalance remained in the matched data (Blackwell 2010). Table D4 presents the 

estimation results. The treatment effects for codifiability, flexibility, and outcome 
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standards are presented in Column 1-3 respectively. Specifically, projects with high 

codifiability (#$=0.108, %<0.05) are associated with 2.0% higher contract success rate 

than those projects with low codifiability. The presence of flexibility (#&=-0.082, 

%<0.05) is associated with 1.7% lower contract success rate, while outcome standards 

(#"=0.112, %<0.05) are associated with 2.9% higher contract success rate. The consistent 

estimates present the robustness of our main estimation. 

Table D4. Effects of Three Dimensions of Project Descriptions on Contract Success: 
Coarsened Exact Matching 

DV: Contract Award (1) Codifiability (2) Flexibility  (3)Outcome Standards 

Codifiability  0.108***   
 (0.0481)   
Flexibility   -0.0821**  

  (0.0401)  
OutcomeStandards   0.112*** 
   (0.0416) 
lnWordCount -0.0553* 0.0330 -0.0329 
 (0.0295) (0.0421) (0.0364) 
lnTitleCount -0.167*** -0.133** -0.0838* 
 (0.0392) (0.0598) (0.0432) 
lnGrammarErrors 0.0620* -0.0590 -0.0556 

 (0.0329) (0.0482) (0.0354) 
lnReadability -0.0740 -0.0906 -0.467** 
 (0.0504) (0.0756) (0.185) 
lnEmployerAvg 1.209*** 1.153*** 1.055*** 
 (0.0350) (0.0530) (0.0397) 
lnEmployerCount -0.0191 0.0692** 0.0457** 
 (0.0203) (0.0298) (0.0220) 
lnNumSkills -0.254*** -0.456*** -0.174*** 

 (0.0576) (0.0837) (0.0630) 
lnBudgetMax -0.268*** -0.156*** -0.198*** 
 (0.0468) (0.0217) (0.0517) 
lnDuration 1.256*** 1.136** 3.522*** 
 (0.421) (0.513) (0.556) 
Constant -3.358*** -2.557** -8.417*** 
 (1.028) (1.159) (1.317) 
Observations 6,996 6,498 12,588 

Pseudo !" 0.216 0.197 0.212 

Robust standard errors in parentheses (*** p<0.01, ** p<0.05, * p<0.1) 
 



 

 164 

Table D5. Effects of Three Dimensions of Project Descriptions on Contract Award: 
Coarsened Exact Matching for Employer Characteristics 

DV: Contract Award (1) (2) (3) 

    
Codifiability  0.435***   

 (0.0499)   
Flexibility   -0.188***  
  (0.0435)  
OutcomeStandards   0.238*** 
   (0.0414) 
lnWordCount -0.148*** -0.0837*** -0.119*** 
 (0.0226) (0.0210) (0.0245) 
lnTitleCount -0.143*** -0.123*** -0.131*** 

 (0.0294) (0.0277) (0.0321) 
lnGrammarErrors -0.0855*** -0.0444* -0.0712*** 
 (0.0243) (0.0228) (0.0241) 
lnReadability 0.00460 0.0153 -0.00792 
 (0.0191) (0.0181) (0.0198) 
lnEmployerCount 0.0776*** 0.0938*** 0.0592*** 
 (0.0150) (0.0148) (0.0175) 
lnEmployerAvg 1.042*** 0.973*** 1.007*** 

 (0.0279) (0.0270) (0.0273) 
lnBudgetMax -0.182*** -0.190*** -0.185*** 
 (0.0117) (0.0106) (0.0126) 
lnDuration 1.266*** 1.368*** 1.411*** 
 (0.156) (0.119) (0.129) 
Hourly -0.327*** -0.264*** -0.313*** 
 (0.0550) (0.0527) (0.0704) 
Qualified -0.0762 -0.130 -0.180** 
 (0.0869) (0.0795) (0.0783) 

Prepaid 4.572*** 4.687*** 4.508*** 
 (0.277) (0.271) (0.297) 
Urgent 2.749*** 2.810*** 3.089*** 
 (0.337) (0.245) (0.272) 
Constant -6.456*** -7.334*** -7.312*** 
 (0.844) (0.644) (0.691) 
    
Project category FE Yes Yes Yes 

Matched Employer FE  Yes Yes Yes 
Observations 35,962 35,918 35,252 
Pseudo R2 0.197 0.209 0.192 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 

3. Instrumental Variables (IVs). Third, we used two IV approaches to test the robustness 

of the main estimation to potential endogeneity concerns. First, we use three external IVs 

for the three variables—codifiability, flexibility, and outcomes standards. The IVs we 

used include the average codifiability, average flexibility, and average outcome standards 

of all the other projects posted on the same day within the same category (excluding the 

focal project), and that required the same set of skills. We posit that the three IVs are 

correlated with the codifiability, flexibility, and outcome standards of the current project 
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description. When posting a project, employers may write project descriptions based on 

other similar projects posted during the same time. Therefore, similar projects may share 

similar textual characteristics. At the same time, the three instrumental variables do not 

affect the contract success of the current project once we control for the codifiability, 

flexibility, and outcome standards of the current project. For example, the average 

codifiability of other projects does not affect the contract success of the current project 

since the contract success once we control for the codifiability of the current project.  

Specifically, we re-estimated the effects of the codifiability, flexibility, and 

outcome standards on contract success using the linear probability model (LPM) and 

replicated this model using GMM estimation for the instrumental variables approach. 

Results are presented in Columns 1 and 2 of Table D5. As shown, the Kleibergen-Paap 

LM statistic is 9624.466 (p<0.01), (Kleibergen and Paap 2006), and the Kleibergen-Paap 

Wald F statistic is 12755.53 (p<0.01), suggesting a high correlation between the 

instrumental variables and endogenous regressors (Kleibergen and Paap 2006), which 

pass the weak instruments test. Consistent with the main findings, we observe that 

codifiability and outcome standards are positively associated with contract success, while 

flexibility is negatively associated with contract success.  

One limitation of the above method is that the results rely on the assumption of 

exclusion restriction which cannot be directly tested. To address this problem, we utilize 

an alternative IV approach (Lewbel 2012), which does not rely on the exclusion 

restriction assumption and external instrumental variables. This method has been used in 

the IS literature (Hong et al. 2018) as an identification strategy and a robustness check. 

The identification requires the existence of exogenous variables in the model and 



 

 166 

heteroskedastic errors, and the IVs are constructed using the model’s data, even without 

external IVs. Lewbel (2012) shows that the method can be applied to cases with 

measurement errors and omitted variable bias, and Lewbel (2018) provides further 

evidence that the method is also applicable when the endogenous regressors are binary. 

Also, when there are available external IVs, it can also supplement external IVs to 

improve the efficiency of the IV estimator (Baum et al. 2013). Our context satisfies the 

assumptions of the Lewbel IV approach, and we report the heteroskedasticity test of the 

first stage for codifiability, flexibility, and outcome standards in Table D5. The results 

reject all three null hypotheses, suggesting the existence of heteroskedasticity. We report 

the results using the Lewbel IV approach that construct IVs using the only existing 

covariates (without external instruments) in Column 3 and supplementing the external 

IVs in Column 4 of Table D6. As seen, the results are consistent with our main findings. 

Table D6. Existence of Heteroskedasticity (First Stage) 
Endogenous variables  Breusch-Pagan Test for Heteroskedasticity 
Codifiability 2601.16 (p<0.001) 

Flexibility 3152.28 (p<0.001) 

Outcome Standards 3230.28 (p<0.001) 
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Table D7. Effects of Three Dimensions of Project Descriptions on Contract Success: 
Instrumental Variables 

 (1) (2) (3) (4) 
DV: Contract Award  LPM Standard IV 

(GMM) 
GenInst GenExtInst 

Codifiability  0.0191*** 0.0197** 0.0434*** 0.0155** 
 (0.00505) (0.00826) (0.0178) (0.00741) 
Flexibility -0.0136** -0.0148** -0.0362** -0.0140** 
 (0.00636) (0.00721) (0.0161) (0.00701) 
OutcomeStandards 0.0222*** 0.0327*** 0.0202*** 0.0238*** 
 (0.00540) (0.00674) (0.00998) (0.00595) 
lnWordCount -0.0119*** -0.0140*** -0.0114*** -0.0126*** 

 (0.00362) (0.00320) (0.00363) (0.00316) 
lnTitleCount -0.0115** -0.0113*** -0.0115*** -0.0112*** 
 (0.00503) (0.00413) (0.00413) (0.00412) 
lnGrammarErrors -0.00651** -0.00666** -0.00661** -0.00660** 
 (0.00277) (0.00337) (0.00337) (0.00336) 
lnReadability -0.00258 -0.00246 -0.00289 -0.00294 
 (0.00574) (0.00509) (0.00508) (0.00507) 
lnEmployerAvg 0.161*** 0.161*** 0.161*** 0.161*** 

 (0.0149) (0.00392) (0.00392) (0.00392) 
lnEmployerCount 0.0163*** 0.0163*** 0.0163*** 0.0163*** 
 (0.00347) (0.00237) (0.00237) (0.00237) 
lnNumSkills -0.00778 -0.00787 -0.00709 -0.00811 
 (0.00831) (0.00592) (0.00594) (0.00592) 
lnBudgetMax -0.0310*** -0.0311*** -0.0310*** -0.0312*** 
 (0.00138) (0.00169) (0.00169) (0.00168) 
lnDuration 0.00905 0.00947 0.00534 0.00598 

 (0.0168) (0.0159) (0.0159) (0.0158) 
Hourly -0.0580*** -0.0585*** -0.0574*** -0.0582*** 
 (0.0158) (0.00800) (0.00800) (0.00799) 
Quickhire 0.372*** 0.371*** 0.376*** 0.375*** 
 (0.0173) (0.00919) (0.00919) (0.00912) 
Qualified -0.0122 -0.0133 -0.0131 -0.0139 
 (0.0130) (0.0126) (0.0126) (0.0126) 
Prepaid 0.535*** 0.535*** 0.535*** 0.536*** 
 (0.0184) (0.00664) (0.00658) (0.00654) 

Urgent 0.161*** 0.161*** 0.159*** 0.160*** 
 (0.0185) (0.0241) (0.0242) (0.0241) 
Project Category FE Yes Yes Yes Yes 
Employer Country FE Yes Yes Yes Yes 
Observations 43,130 43,130 43,130 43,130 
Adjusted R2 0.258 0.254 0.254 0.254 
Kleibergen-Paap rk LM χ2  9624.466 894.483 8949.583 
Kleibergen-Paap rk Wald F statistics   12755.53 16.696 945.125 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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APPENDIX E:  
ESSAY 1: CLASSIC MEDIATION ANALYSIS 
Table E1. Mediation Analysis: Classic Mediation Analysis 

 (1) (2) (4) (3) (5) 
DV Contracted lnNumbids lnPriceBids lnQualityBids Contracted 

lnNumBids     -0.179*** 

     (0.0155) 
lnPriceBids     -0.578*** 
     (0.0322) 
lnQualityBids     0.190*** 
     (0.0354) 
Codificability  0.117*** -0.0678*** -0.0121 -0.000324 0.105*** 
 (0.0367) (0.0143) (0.00888) (0.00596) (0.0379) 
Flexibility  -0.0742*** -0.0115 0.0302*** -0.00769 -0.0292 
 (0.0357) (0.0135) (0.00900) (0.00577) (0.0378) 

OutcomeStandards 0.142*** -0.0273** 0.00281 0.165*** 0.0723 
 (0.0306) (0.0117) (0.00789) (0.00556) (0.0422) 
lnWordCount -0.0868*** 0.117*** 0.0457*** -0.0168*** -0.0623*** 
 (0.0193) (0.00745) (0.00489) (0.00336) (0.0202) 
lnTitleCount -0.0782*** -0.119*** -0.0293*** -0.00685 -0.109*** 
 (0.0249) (0.00922) (0.00644) (0.00437) (0.0260) 
lnGrammarErrors -0.0389* -0.112*** 0.0140*** -0.0105*** -0.0307 
 (0.0206) (0.00794) (0.00509) (0.00358) (0.0215) 

lnReability -0.0357 -0.0669*** 0.0598*** -0.00890 -0.0113 
 (0.0315) (0.0122) (0.00757) (0.00550) (0.0328) 
lnEmployerAvg 0.939*** 0.0650*** -0.0611*** 0.0355*** 0.912*** 
 (0.0224) (0.00810) (0.00538) (0.00356) (0.0232) 
lnEmployerCount 0.0718*** -0.00611 -0.0177*** 0.00690*** 0.0662*** 
 (0.0115) (0.00448) (0.00286) (0.00212) (0.0122) 
lnNumSkills -0.0360 0.515*** 0.109*** 0.0548*** 0.0505 
 (0.0356) (0.0136) (0.00896) (0.00679) (0.0381) 

lnBudgetMax -0.183*** 0.222*** 0.838*** 0.0373*** 0.315*** 
 (0.0101) (0.00392) (0.00321) (0.00175) (0.0290) 
lnDuration 0.0726 0.181*** 0.0383** -0.0110 0.194* 
 (0.0905) (0.0321) (0.0190) (0.0107) (0.100) 
Hourly -0.314*** 0.472*** -0.483*** 0.0419*** -0.530*** 
 (0.0460) (0.0168) (0.0116) (0.00886) (0.0512) 
Quickhire 2.010*** -1.756*** 0.0834*** 0.00410 1.678*** 
 (0.0630) (0.0144) (0.00904) (0.0132) (0.0718) 

Qualified -0.0704 -0.211*** -0.143*** 0.227*** -0.195** 
 (0.0735) (0.0305) (0.0179) (0.00993) (0.0765) 
Prepaid 4.758*** -0.104*** -0.142*** 0.0114 4.842*** 
 (0.271) (0.0281) (0.0168) (0.0102) (0.305) 
Urgent 0.890*** 0.114** 0.00273 -0.0126 0.987*** 
 (0.133) (0.0496) (0.0283) (0.0159) (0.144) 
Constant -0.158 0.896*** 0.569** 1.017*** 0.109 
 (0.850) (0.285) (0.228) (0.124) (0.886) 
Project Category FE Yes Yes Yes Yes Yes 

Employer Country FE Yes Yes Yes Yes Yes 
Observations 43,130 43,130 43,130 43,130 43,130 

Pseudo/Adjusted !" 0.245 0.331 0.871 0.154 0.260 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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APPENDIX F:  
ESSAY 1: PRIORS FOR THE ESTIMATORS 

 
• Intercepts  

#$~	)(0, 10.) 

#"~	)(0, 10.) 

#&~	)(0, 10.) 

 

• Coefficients for the three mediators  

#0123456~	)(0, 10.) 

#7849:3456~	)(0, 10.) 

#;1<=4>?3456~	)(0, 10.) 

 

• Covariance matrix for the three mediators (Vague Wishart prior) 

@~AB(C, 3) 

where C = F
10. 0 0
0 10. 0
0 0 10.

G 

 

• Coefficients for the key independent variables  

H9I5$~	)(0, 10.) 

H9I5"~	)(0, 10.) 

H9I5&~	)(0, 10.) 

HI1>$~	)(0, 10.) 

HI1>"~	)(0, 10.) 

HI1>&~	)(0, 10.) 

HJ=:K$~	)(0, 10.) 

HJ=:K"~	)(0, 10.) 

HJ=:K&~	)(0, 10.) 
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APPENDIX G:  

ESSAY 1: PART A. EXPERIMENT DESIGN  

Group  Codifiability Flexibility Quality Standards Quantity Standards 

Control Low  Low Low  Low  

Codifiability High  Low Low Low 

Flexibility Low  High  Low  Low 

Quantity Standards Low  Low  High  Low 

Quality Standards Low Low Low  High 

 
Table G2. Examples of Project Descriptions for the Control and Treatment Group  

Control 
Project Descriptions:  

Hello, we want to hire someone to help us adjust 

WordPress Template to our existing website.  
We'll provide all the needed graphics changes ... color, 

elements, etc. ....  

 
 

Codifiability  
Project Description:  

Hello, we want to hire someone to help us adjust 

WordPress Template to our existing website as 

follows:  

1. To make it Hebrew Layout, from right to left, 

DIRRTL.  

2. Adjust colors to our website colors. 

3. Add two pages under the main menu.   

3. Replace the logo and to add an additional menu 
item in the top menu.   

 

We'll provide all the needed graphics changes ... 

color, elements, etc. ....  

Flexibility  
Hello, we want to hire someone to help us adjust 

WordPress Template to our existing website.  

 

We'll provide all the needed graphics changes ... 

color, elements, etc. ...  

 

The project requirements may change later. Price is 

re-negotiable based on the changed requirements.  

Quality Standards 
Hello, we want to hire someone to help us adjust 

Wordpress Template to our existing websites.  

 

We'll provide all the needed graphics changes ... 

color, elements, layout ... etc. ...  

 

1. Some programming experience is required (e.g., 
Python, PHP, SQL).  

2. We would like to have a modern and easy to use 

design. 

 

Quantity Standards 
Hello, we want to hire someone to help us adjust 

Wordpress Template to our existing websites.   

 

We'll provide all the needed graphics changes ... 

color, elements ... etc. ... 

 

Requirements:  
1. Have to finish it in two days.  

2. You are expected to submit two kinds of 

design.   

 
 

 

Table G1. Treatment Design of the Online Experiment 
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APPENDIX G:  

ESSAY 1: PART B. RECRUITMENT PAGE 

Welcome to our survey. In this study, we want to hire a worker to do some data collection work. 

In the following pages, you will view a project description, which includes the detailed 

requirements of the service (e.g., data entry). If you think the project requirements match your 
skills, expertise, price, and schedule, please place your bid on this project. Specifically, you will 

be asked several questions about your bid such as how much you want to charge for the project. If 

you are not interested in the project, you can exit the survey. Then, we will review all bidders' 

qualifications and award the project to a suitable bidder.  

Before clicking the link below, we provide an example of the project.  

***************************************************************************************************************
*************************************************************************************** 

Title: Data Entry  

Project Descriptions: I'm looking to compile a database of contact information regarding 
manual data mining/data entry. I will provide a username & password to log into various 
trade associations and have you compiled an excel spreadsheet with the following: 
1) name 
2) phone number 
3) email 
4) company name 

Budget: $ 20  

    Duration: 2 days  
***************************************************************************************************************
*************************************************************************************** 

Notes:  

To award your time, all the participants (who answer all the questions in the survey) will be 

awarded $1 whether or not we select you. 

Survey Link: https://fox.az1.qualtrics.com/jfe/form/SV_5cAsfXXv2dxfkuV 
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APPENDIX G:  

ESSAY 1: PART C. EVALUATION INSTRUMENTS AND SURVEYS 

Survey: Demographic Information.  

1. What is your gender?  
�Female       �Male      �Do not want to disclose           

 
2. What is your age range?  
�18 and under      �18-35      �36-55        �55 and above      

Project Information 
Project Title: Web/Google Search Scraping and Data Entry 

  
Project Description:  
We have a list of links that direct to the projects posted in the www.freelancer.com. We would 

like to acquire the project information from these 50 links.  
 

Specifically, we want the workers to click on each link, find the project name, budget, 

employer’s country, employer’s review score of each project.  

 
Budget: $20  

 

Skills required: Data Entry  
 

Duration: Finish in 2 days  

Questions:  

1. Do you want to bid on the project (Yes/No)? 

�YES              �No 

 

2. How much do you want to charge to finish the project (within the budget $20)? 

____________________________________________________________ 

3. Have you used Freelancer.com before to post a project?  (example: 

https://www.freelancer.com) 

        �YES              �No 

4. Have you used Upwork.com or other similar online crowdsourcing platforms before to 

post a project?  (example: https://www.upwork.com/) 

        �YES              �No 

5. Do you have prior data entry experience?  

 �YES              �No 

 
6. Please answer the degree to which you agree or disagree with the following statement. 

             I am proficient in Microsoft Excel.  

 �Strongly Disagree      �Disagree     �Neutral        �Agree       

�Strongly Agree           
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7. We define codifiability as the extent to which a project description contains detailed 

procedures or steps. If the project description contains detailed procedures, then the 

codifiability is high. Otherwise, the codifiability is low.  

 
 

Based on the definition above, please assess the level of codifiability of the provided 

project description.  

 

�Extremely Low      �Low     �Neutral        �High       �Extremely 

High            

 

8. We define Flexibility as the extent to which a project description contains provisions that 

permit adjusting service terms (e.g., price, timeline) after signing the contract. If the 

project description allows re-negotiation (such as updating of service terms or price 
adjustments), the flexibility is High. Otherwise, the flexibility is Low. 
 

Based on the definition above, please assess the level of flexibility of the provided project 
description.  

 

�Extremely Low      �Low     �Neutral        �High       �Extremely 

High            

 

9. Quality standards assess how well the deliverables are performed, such as the 

requirements of specific attributes of deliverables. The quality standards dimension 
is High if the project description contains either or both of the following statements.  

 

(1) The description contains requirements for the functionality, usability, and reliability 
of the deliverables.  

(2) The description contains benchmarks of the deliverables.  

 

Otherwise, the quality standards dimension is Low.  
 

Based on the definition above, please assess the level of quality standards of the provided 

project description.  
 

�Extremely Low      �Low     �Neutral        �High       �Extremely 

High            

 

10. Quantity standards assess how much work is required such as the requirements of a 

specific number of deliverables. The quantity standards dimension is High if the project 

description contains clear quantity standards of the deliverables. Otherwise, the quantity 
standards dimension is Low.  

 

Based on the definition above, please assess the level of quantity standards of the 
provided project description.  

 

�Extremely Low      �Low     �Neutral        �High       �Extremely 

High            
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APPENDIX H:  
ESSAY 3: LIST OF STEM OCCUPATIONS  

Table H1. List of STEM Occupations 
SOC Code  Occupation Title  
11-3021 Computer and Information Systems Managers 

11-3051 Industrial Production Managers 

11-3071 Transportation, Storage, and Distribution Managers 

11-9013 Farmers, Ranchers, and Other Agricultural Managers 

11-9021 Construction Managers 

11-9041 Architectural and Engineering Managers 

11-9121 Natural Sciences Managers 

13-1051 Cost Estimators 

13-2051 Financial Analysts 

13-2053 Insurance Underwriters 

13-2099 Financial Specialists, All Other 

15-1111 Computer and Information Research Scientists 

15-1121 Computer Systems Analysts 

15-1122 Information Security Analysts 

15-1131 Computer Programmers 

15-1132 Software Developers, Applications 

15-1133 Software Developers, Systems Software 

15-1134 Web Developers 

15-1141 Database Administrators 

15-1142 Network and Computer Systems Administrators 

15-1143 Computer Network Architects 

15-1151 Computer User Support Specialists 

15-1152 Computer Network Support Specialists 

15-1199 Computer Occupations, All Other 

15-2011 Actuaries 

15-2021 Mathematicians 

15-2031 Operations Research Analysts 

15-2041 Statisticians 

15-2091 Mathematical Technicians 

15-2099 Mathematical Science Occupations, All Other 

17-1021 Cartographers and Photogrammetrists 

17-1022 Surveyors 

17-2011 Aerospace Engineers 

17-2021 Agricultural Engineers 

17-2031 Biomedical Engineers 

17-2041 Chemical Engineers 

17-2051 Civil Engineers 

17-2061 Computer Hardware Engineers 

17-2071 Electrical Engineers 

17-2072 Electronics Engineers, Except Computer 

17-2081 Environmental Engineers 

17-2111 Health and Safety Engineers, Except Mining Safety Engineers and Inspectors 

17-2112 Industrial Engineers 

17-2121 Marine Engineers and Naval Architects 

17-2131 Materials Engineers 

17-2141 Mechanical Engineers 

17-2151 Mining and Geological Engineers, Including Mining Safety Engineers 

17-2161 Nuclear Engineers 

17-2171 Petroleum Engineers 

17-2199 Engineers, All Other 

17-3011 Architectural and Civil Drafters 

17-3012 Electrical and Electronics Drafters 
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17-3013 Mechanical Drafters 

17-3019 Drafters, All Other 

17-3021 Aerospace Engineering and Operations Technicians 

17-3022 Civil Engineering Technicians 

17-3023 Electrical and Electronics Engineering Technicians 

17-3024 Electro-Mechanical Technicians 

17-3025 Environmental Engineering Technicians 

17-3026 Industrial Engineering Technicians 

17-3027 Mechanical Engineering Technicians 

17-3029 Engineering Technicians, Except Drafters, All Other 

17-3031 Surveying and Mapping Technicians 

19-1011 Animal Scientists 

19-1012 Food Scientists and Technologists 

19-1013 Soil and Plant Scientists 

19-1021 Biochemists and Biophysicists 

19-1022 Microbiologists 

19-1023 Zoologists and Wildlife Biologists 

19-1029 Biological Scientists, All Other 

19-1031 Conservation Scientists 

19-1032 Foresters 

19-1041 Epidemiologists 

19-1042 Medical Scientists, Except Epidemiologists 

19-1099 Life Scientists, All Other 

19-2011 Astronomers 

19-2012 Physicists 

19-2021 Atmospheric and Space Scientists 

19-2031 Chemists 

19-2032 Materials Scientists 

19-2041 Environmental Scientists and Specialists, Including Health 

19-2042 Geoscientists, Except Hydrologists and Geographers 

19-2043 Hydrologists 

19-2099 Physical Scientists, All Other 

19-3011 Economists 

19-3022 Survey Researchers 

19-3031 Clinical, Counseling, and School Psychologists 

19-3039 Psychologists, All Other 

19-3091 Anthropologists and Archeologists 

19-3099 Social Scientists and Related Workers, All Other 

19-4011 Agricultural and Food Science Technicians 

19-4021 Biological Technicians 

19-4031 Chemical Technicians 

19-4041 Geological and Petroleum Technicians 

19-4051 Nuclear Technicians 

19-4091 Environmental Science and Protection Technicians, Including Health 

19-4092 Forensic Science Technicians 

19-4099 Life, Physical, and Social Science Technicians, All Other 

21-1099 Community and Social Service Specialists, All Other 

25-1011 Business Teachers, Postsecondary 

25-1021 Computer Science Teachers, Postsecondary 

25-1022 Mathematical Science Teachers, Postsecondary 

25-1031 Architecture Teachers, Postsecondary 

25-1032 Engineering Teachers, Postsecondary 

25-1041 Agricultural Sciences Teachers, Postsecondary 

25-1042 Biological Science Teachers, Postsecondary 

25-1043 Forestry and Conservation Science Teachers, Postsecondary 

25-1051 Atmospheric, Earth, Marine, and Space Sciences Teachers, Postsecondary 

25-1052 Chemistry Teachers, Postsecondary 
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25-1053 Environmental Science Teachers, Postsecondary 

25-1054 Physics Teachers, Postsecondary 

25-1061 Anthropology and Archeology Teachers, Postsecondary 

25-1063 Economics Teachers, Postsecondary 

25-1064 Geography Teachers, Postsecondary 

25-1066 Psychology Teachers, Postsecondary 

25-1069 Social Sciences Teachers, Postsecondary, All Other 

25-1071 Health Specialties Teachers, Postsecondary 

25-1111 Criminal Justice and Law Enforcement Teachers, Postsecondary 

25-1122 Communications Teachers, Postsecondary 

25-1199 Postsecondary Teachers, All Other 

25-2031 Secondary School Teachers, Except Special and Career/Technical Education 

25-9011 Audio-Visual and Multimedia Collections Specialists 

25-9021 Farm and Home Management Advisors 

25-9031 Instructional Coordinators 

27-1014 Multimedia Artists and Animators 

27-1021 Commercial and Industrial Designers 

27-1024 Graphic Designers 

27-3099 Media and Communication Workers, All Other 

29-1031 Dietitians and Nutritionists 

29-1051 Pharmacists 

29-1128 Exercise Physiologists 

29-1131 Veterinarians 

29-2011 Medical and Clinical Laboratory Technologists 

29-2051 Dietetic Technicians 

29-9011 Occupational Health and Safety Specialists 

29-9012 Occupational Health and Safety Technicians 

33-3021 Detectives and Criminal Investigators 

33-3031 Fish and Game Wardens 

33-9021 Private Detectives and Investigators 

43-9011 Computer Operators 

45-1011 First-Line Supervisors of Farming, Fishing, and Forestry Workers 

47-2231 Solar Photovoltaic Installers 

47-4041 Hazardous Materials Removal Workers 

47-5013 Service Unit Operators, Oil, Gas, and Mining 

49-3023 Automotive Service Technicians and Mechanics 

49-9021 Heating, Air Conditioning, and Refrigeration Mechanics and Installers 

49-9062 Medical Equipment Repairers 

49-9069 Precision Instrument and Equipment Repairers, All Other 

51-4121 Welders, Cutters, Solderers, and Brazers 

51-8011 Nuclear Power Reactor Operators 

51-8031 Water and Wastewater Treatment Plant and System Operators 

51-8091 Chemical Plant and System Operators 

51-9011 Chemical Equipment Operators and Tenders 

51-9061 Inspectors, Testers, Sorters, Samplers, and Weighers 

51-9141 Semiconductor Processors 

55-1014 Artillery and Missile Officers 

55-1015 Command and Control Center Officers 

55-1017 Special Forces Officers 

55-1019 Military Officer Special and Tactical Operations Leaders, All Other 

55-3014 Artillery and Missile Crew Members 

55-3015 Command and Control Center Specialists 

55-3017 Radar and Sonar Technicians 

55-3018 Special Forces 
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APPENDIX I: 
ESSAY 3: ROBUSTNESS CHECKS 

Table I1. Relative Time Models of STEM OPT Extension: STEM Occupations 
 ln (number of workers) ln (average wage) 

 (1) (2) (3) (4) 

Dependent Variables  All Domestic  All Domestic  

     

Pre-OPT-Policy (-5) 0.000 0.012 -0.024 -0.026 

 (0.026) (0.025) (0.021) (0.021) 
Pre-OPT-Policy (-4) -0.018 -0.012 -0.017 -0.016 

 (0.013) (0.012) (0.014) (0.014) 

Pre-OPT-Policy (-3) 0.003 0.008 -0.011 -0.013 

 (0.009) (0.009) (0.008) (0.009) 

Pre-OPT-Policy (-2) -0.011 -0.004 -0.010 -0.013 

 (0.008) (0.008) (0.009) (0.009) 

Baseline (-1) One year before the policy is omitted  

Post-OPT-Policy (0) 0.017 0.021* 0.005 0.003 

 (0.009) (0.009) (0.007) (0.008) 

Post-OPT-Policy (1) 0.023* 0.028** -0.001 -0.001 

 (0.009) (0.009) (0.008) (0.008) 

Post-OPT-Policy (2) 0.015 0.013 0.003 -0.002 
 (0.009) (0.009) (0.009) (0.009) 

Post-OPT-Policy (3) 0.018 0.021* 0.007 0.001 

 (0.010) (0.010) (0.009) (0.009) 

Post-OPT-Policy (4) 0.027** 0.035*** -0.003 -0.002 

 (0.010) (0.010) (0.009) (0.009) 

Post-OPT-Policy (5) 0.012 0.021* 0.009 0.006 

 (0.010) (0.010) (0.009) (0.009) 

Post-OPT-Policy (6) 0.027** 0.034*** 0.003 -0.005 

 (0.010) (0.010) (0.009) (0.009) 

Post-OPT-Policy (7) 0.046*** 0.057*** -0.015 -0.018 

 (0.010) (0.010) (0.009) (0.009) 
Post-OPT-Policy (8) 0.035** 0.052*** -0.020* -0.021* 

 (0.011) (0.011) (0.010) (0.010) 

Observations 959,988 924,748 917,097 889,743 

Adjusted R-squared 0.729 0.708 0.459 0.458 

Controls  Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I2. Relative Time Models of STEM OPT Extension: IT Occupations 
 ln (number of workers) ln (average wage) 

 (1) (2) (3) (4) 

Dependent Variables  All Domestic All Domestic  

     

Pre-OPT-Policy (-3) 0.037 0.031 -0.025 -0.008 

 (0.024) (0.021) (0.019) (0.017) 

Pre-OPT-Policy (-2) -0.005 0.004 -0.033 -0.012 

 (0.022) (0.021) (0.019) (0.017) 

Baseline (-1) One year before the policy is omitted  

Post-OPT-Policy (0) 0.048* 0.049* -0.007 0.029 

 (0.019) (0.020) (0.018) (0.016) 

Post-OPT-Policy (1) 0.050* 0.044* 0.009 0.011 

 (0.021) (0.021) (0.016) (0.018) 

Post-OPT-Policy (2) -0.017 -0.019 -0.006 0.044** 
 (0.019) (0.021) (0.019) (0.017) 

Post-OPT-Policy (3) 0.035 0.035 0.020 0.052** 

 (0.022) (0.023) (0.018) (0.016) 

Post-OPT-Policy (4) 0.085*** 0.075*** 0.036* 0.061*** 

 (0.022) (0.022) (0.017) (0.016) 

Post-OPT-Policy (5) 0.065** 0.059* 0.040* 0.011 

 (0.023) (0.023) (0.017) (0.017) 

Post-OPT-Policy (6) 0.074** 0.061** 0.007 0.034* 

 (0.023) (0.022) (0.017) (0.017) 

Post-OPT-Policy (7) 0.121*** 0.092*** 0.013 0.016 

 (0.022) (0.023) (0.018) (0.018) 
Post-OPT-Policy (8) 0.123*** 0.095*** -0.022 -0.013 

 (0.023) (0.023) (0.021) (0.020) 

Observations 959,988 924,748 917,097 889,743 

Adjusted R-squared 0.729 0.708 0.459 0.458 

Controls  Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I3. DID Estimation of STEM OPT Extension on Number of Workers: Alternative 
OPT Measures 

DV: ln (number of 

workers) 

(1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.001*** 0.005*** 0.001*** 0.004*** 

 (0.000) (0.001) (0.000) (0.001) 

OPT Extension ×	IT 

Occupation 

 0.004***  0.003*** 

 (0.001)  (0.001) 

Population -0.015+ -0.015+ -0.015 -0.015+ 

 (0.020) (0.008) (0.020) (0.009) 

Income -0.087 -0.087** -0.135* -0.135*** 

 (0.062) (0.033) (0.059) (0.035) 

Education  0.227* 0.227** 0.139 0.140+ 
 (0.098) (0.078) (0.105) (0.080) 

Sex Ratio 0.001+ 0.001+ 0.001 0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.003* -0.003*** -0.003* -0.003*** 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.356** -0.356*** -0.544*** -0.544*** 

 (0.129) (0.100) (0.134) (0.103) 

GDP Occupation 0.080*** 0.080*** 0.076*** 0.076*** 

 (0.009) (0.002) (0.009) (0.002) 

Observations 959,988 959,988 924,748 924,748 

Adjusted R-squared 0.730 0.730 0.709 0.709 
Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I4. DID Estimation of STEM OPT Extension on Average Wage: Alternative OPT 

Measures 
DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.000 0.001* 0.000 -0.000 

 (0.000) (0.000) (0.000) (0.000) 

OPT Extension ×	IT 

Occupation 

 0.001*  0.001+ 

 (0.001)  (0.001) 

Population -0.010 -0.010 -0.009 -0.009 

 (0.008) (0.008) (0.008) (0.008) 

Income 0.205*** 0.205*** 0.205*** 0.205*** 

 (0.035) (0.035) (0.036) (0.036) 
Education  0.345*** 0.345*** 0.344*** 0.344*** 

 (0.082) (0.082) (0.085) (0.085) 

Sex Ratio -0.000 -0.000 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  0.000 0.000 -0.000 -0.000 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.583*** -0.583*** -0.603*** -0.603*** 

 (0.104) (0.104) (0.109) (0.109) 

GDP Occupation 0.023*** 0.023*** 0.022*** 0.022*** 

 (0.001) (0.001) (0.001) (0.001) 

Observations 917,097 917,097 889,743 889,743 
Adjusted R-squared 0.460 0.460 0.459 0.459 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I5. DID Estimation of STEM OPT Extension on Average Wage: Alternative 
Measures for Dependent Variables from the BLS 

Dependent variable  ln (number of workers) ln (average wage) 

 (1) (2) (3) (4) 

     

OPT Extension 0.120*** 0.115*** 0.008* 0.005 

 (0.011) (0.011) (0.004) (0.005) 

OPT Extension ×	IT 
Occupation 

 0.050+  0.023** 

 (0.028)  (0.010) 

Population 0.088 0.088 0.025** 0.025** 

 (0.060) (0.060) (0.013) (0.013) 

Income 0.269*** 0.269*** 0.301*** 0.301*** 

 (0.083) (0.083) (0.037) (0.037) 

Education  0.007 0.007 0.190* 0.190* 

 (0.234) (0.234) (0.098) (0.098) 

Sex Ratio -0.297* -0.297* 0.123* 0.123* 

 (0.175) (0.175) (0.071) (0.071) 

Age Dependency Ratio  -0.777*** -0.777*** -0.022 -0.022 

 (0.146) (0.146) (0.074) (0.074) 

Unemployment Rate -0.006** -0.006** -0.002 -0.002 
 (0.003) (0.003) (0.001) (0.001) 

GDP Occupation 0.130*** 0.130*** 0.007*** 0.007*** 

 (0.004) (0.004) (0.000) (0.000) 

Observations 878,784 878,784 660,633 660,633 

Adjusted R-squared 0.753 0.753 0.478 0.478 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, + p<0.1 
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Table I6. DID Estimation of STEM OPT Extension on Number of Workers: 
Exclusion of the Global Financial Crisis 

DV: ln (number of 

workers) 

(1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.025*** 0.015** 0.022*** 0.013** 

 (0.005) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.060***  0.055*** 

 (0.012)  (0.012) 

Population -0.020+ -0.020+ -0.017 -0.017 

 (0.011) (0.011) (0.011) (0.011) 

Income -0.074+ -0.074+ -0.111** -0.111** 

 (0.040) (0.040) (0.041) (0.041) 

Education  0.176* 0.176* 0.134 0.134 

 (0.088) (0.088) (0.090) (0.090) 

Sex Ratio 0.001 0.001 0.001 0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.003** -0.003** -0.003*** -0.003*** 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.611*** -0.611*** -0.779*** -0.780*** 

 (0.122) (0.122) (0.126) (0.126) 
GDP Occupation 0.083*** 0.083*** 0.079*** 0.079*** 

 (0.002) (0.002) (0.002) (0.002) 

Observations 805,191 805,191 775,705 775,705 

Adjusted R-squared 0.728 0.728 0.707 0.707 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I7. DID Estimation of STEM OPT Extension on Average Wage: Exclusion of 
the Global Financial Crisis 

DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.007 0.002 0.005 0.001 

 (0.004) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.028**  0.026* 

 (0.010)  (0.010) 

Population -0.018+ -0.018+ -0.016 -0.016 

 (0.009) (0.009) (0.010) (0.010) 

Income 0.233*** 0.233*** 0.244*** 0.244*** 

 (0.041) (0.041) (0.043) (0.043) 

Education  0.302** 0.302** 0.315** 0.315** 

 (0.093) (0.093) (0.097) (0.097) 

Sex Ratio -0.001 -0.001 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.001 -0.001 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.687*** -0.688*** -0.682*** -0.683*** 

 (0.127) (0.127) (0.133) (0.133) 
GDP Occupation 0.024*** 0.024*** 0.023*** 0.023*** 

 (0.001) (0.001) (0.001) (0.001) 

Observations 763,962 763,962 740,996 740,996 

Adjusted R-squared 0.457 0.457 0.456 0.456 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I8. Poisson Models 
DV: number of workers (1) (2) (3) (4) 

All All Domestic Domestic 

     

OPT Extension 0.022*** 0.007 0.017*** 0.007 

 (0.006) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.057**  0.039** 

 (0.017)  (0.013) 

Population 0.062*** -0.012 0.068 -0.011 

 (0.006) (0.013) (0.039) (0.013) 

Income 0.048+ 0.048+ 0.035 0.035 

 (0.028) (0.028) (0.026) (0.026) 

Education  -0.549*** -0.548*** -0.571*** -0.571*** 

 (0.068) (0.068) (0.067) (0.067) 
Sex Ratio -0.001+ -0.001+ -0.003*** -0.003*** 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.004*** -0.004*** -0.005*** -0.005*** 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.530*** -0.530*** -0.711*** -0.711*** 

 (0.075) (0.075) (0.075) (0.075) 

GDP Occupation 0.074*** 0.074*** 0.062*** 0.062*** 

 (0.004) (0.004) (0.003) (0.003) 

Observations 959,988 959,988 924,748 924,748 

Pseudo R-squared  0.930 0.930 0.918 0.918 

Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors in parentheses *** p<0.001, ** p<0.01, * p<0.05, +p<0.1 
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Table I9. DID Estimation of STEM OPT Extension on Number of Workers: 
Exclusion of Outliers 

DV: ln (number of 

workers) 

(1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.023*** 0.016** 0.020*** 0.013** 

 (0.004) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.043***  0.042*** 

 (0.011)  (0.011) 

Population -0.014+ -0.014+ -0.013 -0.013 

 (0.009) (0.009) (0.009) (0.009) 

Income -0.062+ -0.063+ -0.118** -0.118** 

 (0.035) (0.035) (0.036) (0.036) 

Education  0.231** 0.232** 0.138+ 0.139+ 

 (0.078) (0.078) (0.080) (0.080) 

Sex Ratio 0.001+ 0.001+ 0.001 0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.003*** -0.003*** -0.003*** -0.003*** 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.290** -0.290** -0.473*** -0.473*** 

 (0.104) (0.104) (0.107) (0.107) 
GDP Occupation 0.069*** 0.069*** 0.063*** 0.063*** 

 (0.002) (0.002) (0.002) (0.002) 

Observations 887,801 887,801 854,041 854,041 

Adjusted R-squared 0.689 0.689 0.672 0.672 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I10. DID Estimation of STEM OPT Extension on Average Wage: Exclusion of 
Outliers 

DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.005 0.001 0.004 0.000 

 (0.004) (0.005) (0.004) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.027**  0.025* 

 (0.010)  (0.010) 

Population -0.010 -0.010 -0.009 -0.009 

 (0.008) (0.008) (0.008) (0.008) 

Income 0.201*** 0.200*** 0.205*** 0.205*** 

 (0.037) (0.037) (0.039) (0.039) 

Education  0.340*** 0.340*** 0.345*** 0.346*** 

 (0.083) (0.083) (0.086) (0.086) 

Sex Ratio -0.000 -0.000 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  0.000 0.000 -0.000 -0.000 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.597*** -0.597*** -0.606*** -0.606*** 

 (0.110) (0.110) (0.114) (0.114) 
GDP Occupation 0.023*** 0.023*** 0.022*** 0.022*** 

 (0.001) (0.001) (0.001) (0.001) 

Observations 845,549 845,549 819,603 819,603 

Adjusted R-squared 0.448 0.448 0.447 0.447 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I11. DID Estimation of STEM OPT Extension on Number of Workers: 
Occupation Selection Bias 

DV: ln (number of 

workers) 

(1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.029*** 0.019*** 0.024*** 0.014** 

 (0.004) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.059***  0.050*** 

 (0.011)  (0.011) 

Population -0.015+ -0.015+ -0.015+ -0.015+ 

 (0.008) (0.008) (0.009) (0.009) 

Income -0.087** -0.087** -0.135*** -0.135*** 

 (0.033) (0.033) (0.035) (0.035) 

Education  0.226** 0.226** 0.139+ 0.139+ 

 (0.078) (0.078) (0.080) (0.080) 

Sex Ratio 0.001+ 0.001+ 0.001 0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.003*** -0.003*** -0.003*** -0.003*** 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.358*** -0.358*** -0.545*** -0.545*** 

 (0.100) (0.100) (0.103) (0.103) 
GDP Occupation 0.080*** 0.080*** 0.076*** 0.076*** 

 (0.002) (0.002) (0.002) (0.002) 

Observations 959,988 959,988 924,748 924,748 

Adjusted R-squared 0.730 0.730 0.709 0.709 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I12. DID Estimation of STEM OPT Extension on Average Wage: Occupation 
Selection Bias 

DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.006 0.002 0.004 -0.000 

 (0.004) (0.004) (0.004) (0.004) 

OPT Extension ×	IT 

Occupation 

 0.021*  0.021* 

 (0.009)  (0.009) 

Population -0.010 -0.010 -0.009 -0.009 

 (0.008) (0.008) (0.008) (0.008) 

Income 0.205*** 0.205*** 0.205*** 0.205*** 

 (0.035) (0.035) (0.036) (0.036) 

Education  0.345*** 0.344*** 0.344*** 0.344*** 

 (0.082) (0.082) (0.085) (0.085) 

Sex Ratio -0.000 -0.000 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  0.000 0.000 -0.000 -0.000 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.583*** -0.583*** -0.603*** -0.603*** 

 (0.104) (0.104) (0.109) (0.109) 
GDP Occupation 0.023*** 0.023*** 0.022*** 0.022*** 

 (0.001) (0.001) (0.001) (0.001) 

Observations 917,097 917,097 889,743 889,743 

Adjusted R-squared 0.460 0.460 0.459 0.459 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I13. DID Estimation of STEM OPT Extension on Number of Workers: MSA 

Quadratic Time Trends 
DV: ln (number of 
workers) 

(1) (2) (3) (4) 
All All Domestic  Domestic  

     

OPT Extension 0.024*** 0.016*** 0.022*** 0.013*** 

 (0.004) (0.005) (0.004) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.056***  0.055*** 

 (0.010)  (0.010) 

Population -0.025*** -0.025*** -0.026*** -0.026*** 

 (0.009) (0.009) (0.010) (0.010) 

Income -0.135*** -0.135*** -0.172*** -0.172*** 

 (0.042) (0.042) (0.044) (0.044) 

Education  0.274*** 0.275*** 0.205** 0.205** 

 (0.084) (0.084) (0.087) (0.087) 
Sex Ratio 0.002** 0.002** 0.001* 0.001* 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.005*** -0.005*** -0.004*** -0.004*** 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate 0.169 0.169 -0.004 -0.004 

 (0.146) (0.146) (0.151) (0.151) 

GDP Occupation 0.082*** 0.082*** 0.079*** 0.079*** 

 (0.002) (0.002) (0.002) (0.002) 

Observations 959,988 959,988 924,748 924,748 

Adjusted R-squared 0.730 0.730 0.709 0.709 

Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Quadratic Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I14. DID Estimation of STEM OPT Extension on Average Wage: MSA 

Quadratic Time Trends 
DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic  Domestic  

     

OPT Extension 0.006 0.002 0.005 0.001 

 (0.004) (0.004) (0.004) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.026***  0.024** 

 (0.010)  (0.010) 

Population -0.008 -0.008 -0.005 -0.005 

 (0.009) (0.009) (0.009) (0.009) 

Income 0.153*** 0.153*** 0.145*** 0.145*** 

 (0.044) (0.044) (0.046) (0.046) 

Education  0.297*** 0.297*** 0.282*** 0.282*** 

 (0.089) (0.089) (0.092) (0.092) 
Sex Ratio -0.001 -0.001 -0.002* -0.002* 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  0.000 0.000 -0.000 -0.000 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.515*** -0.515*** -0.508*** -0.509*** 

 (0.150) (0.150) (0.156) (0.156) 

GDP Occupation 0.024*** 0.024*** 0.023*** 0.023*** 

 (0.001) (0.001) (0.001) (0.001) 

Observations 917,097 917,097 889,743 889,743 

Adjusted R-squared 0.460 0.460 0.459 0.459 

Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Quadratic Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I15. DID Estimation of STEM OPT Extension on Number of Workers: Lead 
Dependent Variables 

DV: ln (number of 

workers)t+1 

(1) (2) (3) (4) 

All All Domestic Domestic 

     

OPT Extension 0.017*** 0.009+ 0.017*** 0.008+ 

 (0.005) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.051***  0.053*** 

 (0.011)  (0.011) 

Population -0.014+ -0.015+ -0.013 -0.013 

 (0.009) (0.009) (0.009) (0.009) 

Income -0.098** -0.098** -0.134*** -0.134*** 

 (0.035) (0.035) (0.037) (0.037) 

Education  0.011 0.011 -0.019 -0.019 

 (0.082) (0.082) (0.085) (0.085) 

Sex Ratio 0.000 0.000 -0.000 -0.000 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  -0.001 -0.001 -0.001 -0.001 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.165 -0.165 -0.270* -0.270* 

 (0.105) (0.105) (0.108) (0.108) 
GDP Occupation 0.079*** 0.079*** 0.076*** 0.076*** 

 (0.002) (0.002) (0.002) (0.002) 

     

Observations 877,840 877,840 846,471 846,471 

Adjusted R-squared 0.730 0.730 0.710 0.710 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I16. DID Estimation of STEM OPT Extension on Average Wage: Lead 

Dependent Variables 
DV: ln (average wage) 

t+1 
(1) (2) (3) (4) 
All All Domestic Domestic 

     

OPT Extension 0.013** 0.009+ 0.013** 0.009+ 

 (0.005) (0.005) (0.005) (0.005) 

OPT Extension ×	IT 

Occupation 

 0.031**  0.028* 

 (0.011)  (0.011) 

Population 0.004 0.004 0.005 0.005 

 (0.008) (0.008) (0.008) (0.008) 

Income 0.093* 0.093* 0.100* 0.100* 

 (0.037) (0.037) (0.039) (0.039) 

Education  0.061 0.061 0.057 0.057 

 (0.088) (0.088) (0.091) (0.091) 
Sex Ratio 0.001 0.001 0.002+ 0.002+ 

 (0.001) (0.001) (0.001) (0.001) 

Age Dependency Ratio  0.001 0.001 0.001 0.001 

 (0.001) (0.001) (0.001) (0.001) 

Unemployment Rate -0.252* -0.252* -0.270* -0.270* 

 (0.110) (0.110) (0.115) (0.115) 

GDP Occupation 0.022*** 0.022*** 0.021*** 0.021*** 

 (0.001) (0.001) (0.001) (0.001) 

     

Observations 841,367 841,367 816,359 816,359 

Adjusted R-squared 0.461 0.461 0.460 0.460 
Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table I17. DID Estimation of STEM OPT Extension on Number and Average 
Wage: Foreign Workers 

 ln (number of workers) ln (average wage) 

Dependent variables (1) (2) (3) (4) 

Foreign Foreign Foreign Foreign 

     

OPT Extension 0.016* -0.008 0.014+ 0.016+ 
 (0.007) (0.007) (0.008) (0.010) 

OPT Extension ×	IT 

Occupation 

 0.127***  0.001 

 (0.015)  (0.018) 

Population -0.033* -0.033* 0.004 0.005 

 (0.016) (0.016) (0.018) (0.019) 

Income -0.290*** -0.291*** 0.159* 0.075 

 (0.056) (0.056) (0.065) (0.065) 

Education  0.961*** 0.960*** 0.026 0.026 

 (0.155) (0.155) (0.189) (0.189) 

Sex Ratio 0.003* 0.003 0.002 0.002 

 (0.002) (0.001) (0.002) (0.002) 
Age Dependency Ratio  0.002 0.002 0.002 0.001 

 (0.001) (0.001) (0.002) (0.002) 

Unemployment Rate -0.060 -0.058 -0.626** -0.753*** 

 (0.174) (0.174) (0.199) (0.202) 

GDP Occupation 0.078*** 0.078*** 0.028*** 0.026*** 

 (0.004) (0.004) (0.002) (0.002) 

Observations 408,125 408,125 316,055 316,055 

Adjusted R-squared 0.559 0.559 0.363 0.363 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 
Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 
p<0.05, +p<0.1 
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APPENDIX J:  
ESSAY 3: EMPRICAL EXTENSIONS  

 

Table J1. DID Estimation of STEM OPT Extension on Number of Workers: Sanctuary 
Jurisdictions31  

DV: ln (number of workers) (1) (2) (3) (4) 

All All Domestic Domestic 

OPT Extension 0.017*** 0.012* 0.014** 0.010* 

 (0.004) (0.005) (0.004) (0.005) 

OPT Extension ×	Sanctuary Jurisdiction 0.109*** 0.053** 0.105*** 0.055** 

 (0.018) (0.019) (0.017) (0.019) 

OPT Extension ×	IT Occupation  0.035**  0.036*** 

  (0.011)  (0.011) 

OPT Extension ×	IT Occupation × Sanctuary 

Jurisdiction 

 0.318***  0.279*** 

 (0.047)  (0.042) 

Sanctuary Jurisdiction -0.029*** -0.029*** -0.029*** -0.029*** 

 (0.007) (0.007) (0.008) (0.007) 

Observations 959,988 959,988 924,748 924,748 

Adjusted R-squared 0.730 0.730 0.709 0.709 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001; ** p<0.01; * 

p<0.05, +p<0.1 

 

Table J2. DID Estimation of STEM OPT Extension on Average Wage: Sanctuary 
Jurisdictions  

DV: ln (average wage) (1) (2) (3) (4) 
All All Domestic Domestic 

OPT Extension 0.010* 0.007 0.008+ 0.005 

 (0.004) (0.004) (0.004) (0.005) 

OPT Extension ×	Sanctuary Jurisdiction -0.059*** -0.068*** -0.049*** -0.058*** 

 (0.010) (0.011) (0.010) (0.012) 

OPT Extension ×	IT Occupation  0.021*  0.020* 

  (0.010)  (0.010) 

OPT Extension ×	IT Occupation × Sanctuary 

Jurisdiction 

 0.054*  0.052* 

 (0.023)  (0.023) 

Sanctuary Jurisdiction -0.004 -0.004 -0.004 -0.004 
 (0.008) (0.008) (0.008) (0.008) 

Observations 917,097 917,097 889,743 889,743 

Adjusted R-squared 0.460 0.460 0.459 0.459 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001; ** p<0.01; * 

p<0.05, +p<0.1 

 
31 The interaction term MNOPPQ%RSTUVW ∗ 	YRVPSQRZ[\QZTW]TPSTUVW is dropped because of multi-collinearity. 
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Table J3. MSAs with the Highest and the Lowest Percentages of H1-B Applicants in IT 
Occupations  

Top MSAs 
IT 

Occupation 
Percentage 

Bottom MSAs 
IT 

Occupation 
Percentage 

Davenport-Moline-Rock Island, IA-IL 0.878 Farmington, NM 0.017 

Portland-South Portland, ME 0.871 Goldsboro, NC 0.027 

Springfield, IL 0.866 Yuma, AZ 0.040 

Fayetteville-Springdale-Rogers, AR-MO 0.858 Las Cruces, NM 0.043 

Omaha-Council Bluffs, NE-IA 0.844 Brownsville Harlingen, TX 0.047 

Des Moines-West Des Moines, IA 0.839 Yakima, WA 0.054 

Trenton, NJ 0.838 El Centro, CA 0.064 

Scranton-Wilkes-Barre-Hazleton, PA 0.833 Ocean City, NJ 0.065 

Richmond, VA 0.829 Visalia Porterville, CA 0.068 
Dayton, OH 0.828 Madera, CA 0.074 

La Crosse Onalaska, WI-MN 0.818 Kennewick Richland, WA 0.075 

Columbus, OH 0.816 Houma Thibodaux, LA 0.077 

Harrisburg-Carlisle, PA 0.816 Bangor, ME 0.078 

Milwaukee-Waukesha-West Allis, WI 0.815 Lake Havasu City-Kingman, AZ 0.087 

Iowa City, IA 0.815 Lake Charles, LA 0.089 

Worcester, MA-CT 0.811 Flagstaff, AZ 0.092 

Colorado Springs, CO 0.809 Yuba City, CA 0.098 

Manchester-Nashua, NH 0.807 Hanford Corcoran, CA 0.098 

Tallahassee, FL 0.805 Laredo, TX 0.099 

Jacksonville, FL 0.804 Blacksburg-Christiansburg-Radford, VA 0.100 

 

Table J4. DID Estimation of STEM OPT Extension Policy on Number of Workers: 
Percentage/Number of H1-B Applicants in IT Occupations 

DV: ln (number of workers) H1B Worker Percentage H1B Worker Number 

(1) (2) (3) (4) 

All Domestic All Domestic 

OPT Extension  0.017*** 0.014** 0.016*** 0.014** 

 (0.005) (0.005) (0.005) (0.005) 

OPT Extension ×	IT Occupation -0.731*** -0.666*** -0.028* -0.023 

 (0.028) (0.027) (0.013) (0.012) 

OPT Extension ×	IT Occupation × H1B IT 

Worker 

1.477*** 1.342*** 0.000*** 0.000*** 

(0.045) (0.045) (0.000) (0.000) 

Observations 958,905 923,734 959,988 924,748 

Adjusted R-squared 0.731 0.710 0.730 0.710 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table J5. DID Estimation of the STEM OPT Extension Policy on Average Wage: 
Percentage/Number of H1-B Applicants in IT Occupations 

DV: ln (average wage) H1B Worker Percentage H1B Worker Number 

(1) (2) (3) (4) 

All Domestic All Domestic 

OPT Extension  0.002 0.001 0.002 0.001 

 (0.004) (0.005) (0.005) (0.005) 

OPT Extension ×	IT Occupation -0.101*** -0.098*** 0.018 0.018 

 (0.018) (0.019) (0.010) (0.011) 

OPT Extension ×	IT Occupation × H1B IT 

Worker 

0.240*** 0.231*** 0.000* 0.000 

(0.025) (0.026) (0.000) (0.000) 

Observations 916,232 888,928 916,232 888,928 

Adjusted R-squared 0.460 0.459 0.459 0.458 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 

 

Table J6. DID Estimation of STEM OPT Extension on Number of Workers: Population 
DV: ln (number of workers) 

 

(1) (2) (3) (4) 

All All Domestic Domestic 

OPT Extension 0.038*** 0.005 0.034*** 0.002 

 (0.005) (0.005) (0.005) (0.005) 

OPT Extension ×	Population 0.028*** -0.026*** 0.025*** -0.027*** 

 (0.005) (0.006) (0.005) (0.006) 

OPT Extension ×	IT Occupation  0.239***  0.226*** 

  (0.013)  (0.013) 

OPT Extension ×	IT Occupation × 

Population 

 0.310***  0.300*** 

 (0.011)  (0.011) 

Population -0.019* -0.018* -0.018* -0.018* 

 (0.008) (0.009) (0.009) (0.009) 

Observations 959,988 959,988 924,748 924,748 

Adjusted R-squared 0.730 0.731 0.709 0.710 
Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs) in parentheses *** p<0.001; ** p<0.01; * p<0.05, +p<0.1 
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Table J7. DID Estimation of STEM OPT Extension on Average Wage: Population 
DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic Domestic 

OPT Extension 0.001 -0.005 0.000 -0.006 

 (0.004) (0.004) (0.004) (0.004) 

OPT Extension ×	Population -0.009*** -0.015*** -0.008*** -0.014*** 

 (0.002) (0.002) (0.002) (0.002) 

OPT Extension ×	IT Occupation  0.046***  0.043*** 

  (0.009)  (0.009) 

OPT Extension ×	IT Occupation × 

Population 

 0.036***  0.034*** 

 (0.005)  (0.005) 

Population -0.009 -0.009 -0.008 -0.008 

 (0.008) (0.008) (0.008) (0.008) 

Observations 917,097 917,097 889,743 889,743 

Adjusted R-squared 0.460 0.460 0.459 0.459 
Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs) in parentheses *** p<0.001; ** p<0.01; * p<0.05, +p<0.1 

 

Table J8. O*NET Skills Types and Descriptions 
Skill Type O*NET Survey Skill Name 
Interactive Activities Resolving conflicts and negotiating with others 

Communication 

Activities 
Communicating with Supervisors, peers, or subordinates 

Communicating with persons outside organization  

Abilities 

Oral comprehension  

Written comprehension  

Oral expression  

Written expression  

Analytical 

Activities Analyze data or information  

Abilities 
Deductive reasoning  

Inductive reasoning  

Quantitative 
Activities 

Estimating the quantifiable characteristics of products, events, or 

information  

Abilities Mathematical reasoning  

Notes: The table is adapted from Peri and Sparber (2011).  
Importance for both quantitative and interactive skill is measured in a 5-point scale 
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Table J9. DID Estimation of STEM OPT Extension on Number of Workers: Skill Content 
DV: ln (number of workers) (1) (2) (3) (4) 

All All Domestic Domestic 

OPT Extension 0.094+ 0.041 0.124* 0.073 

 (0.051) (0.059) (0.051) (0.060) 

OPT Extension × Q/I Ratio -0.063 -0.020 -0.096+ -0.055 

 (0.050) (0.058) (0.051) (0.059) 

OPT Extension × IT Occupation  0.325**  0.314** 

  (0.116)  (0.115) 

OPT Extension × ITOccupations × Q/I 

Ratio 

 -0.263*  -0.253* 

 (0.113)  (0.113) 

Observations 903,486 903,486 870,267 870,267 

Adjusted R-squared 0.737 0.737 0.716 0.716 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 
MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 

 

Table J10. DID Estimation of STEM OPT Extension on Average Wage: Skill Content 
DV: ln (average wage) (1) (2) (3) (4) 

All All Domestic  Domestic 

OPT Extension 0.056 0.102+ 0.065 0.100+ 

 (0.047) (0.056) (0.049) (0.058) 

OPT Extension × Q/I Ratio -0.050 -0.099+ -0.059 -0.098+ 

 (0.047) (0.056) (0.048) (0.058) 

OPT Extension × IT Occupation  -0.138  -0.094 

  (0.105)  (0.107) 

OPT Extension × IT Occupation × Q/I 

Ratio 

 0.160  0.117 

 (0.102)  (0.104) 

Observations 863,629 863,629 837,760 837,760 

Adjusted R-squared 0.462 0.462 0.461 0.461 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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Table J11. Related Business Operations Specialists Occupations and Definitions 
SOC Code Occupation Title  Occupation Definition   
13-1111 Management Analysts Conduct organizational studies and evaluations, design systems 

and procedures, conduct work simplification and measurement 

studies, and prepare operations and procedures manuals to assist 
management in operating more efficiently and effectively.  

Includes program analysts and management consultants. 

13-1151 Training and 

Development Specialists 

Design and conduct training and development programs to 

improve individual and organizational performance.  May 

analyze training needs. 

13-1161 Market Research 

Analysts and Marketing 

Specialists 

Research market conditions in local, regional, or national areas, or 

gather information to determine potential sales of a product or 

service, or create a marketing campaign. May gather information 

on competitors, prices, sales, and methods of marketing and 

distribution. 

Data source: The Bureau of Labor Statistics  

 

Table J12. DID Estimation of STEM OPT Extension on Number and Average Wage of 
Workers: Related Business Occupations  

Dependent variables  ln (number of workers) ln (average wage) 

(1) (2) (3) (4) 

All Domestic  All Domestic 

OPT Extension 0.018*** 0.015** 0.002 0.001 

 (0.005) (0.005) (0.004) (0.005) 

OPT Extension × IT Occupations 0.056*** 0.054*** 0.025** 0.024* 

 (0.010) (0.010) (0.010) (0.010) 

OPT Extension × Related Occupations 0.235*** 0.237*** -0.029 -0.014 

 (0.017) (0.017) (0.023) (0.023) 
Observations 959,988 924,748 917,097 889,743 

Adjusted R-squared 0.730 0.709 0.460 0.459 

Controls Yes Yes Yes Yes 

Occupation FE Yes Yes Yes Yes 

MSA FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Linear Trend MSA MSA MSA MSA 

Robust standard errors (cluster in MSAs and occupations) in parentheses *** p<0.001, ** p<0.01, * 

p<0.05, +p<0.1 
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APPENDIX K:  
ESSAY 3: CORRELATION TABLE  

Table K1. Correlation Table of Key Variables 
  Variables   (1)   (2)   (3)   (4)   (5)   (6)   (7)   (8)   (9)   (10)   (11)   (12)   (13)   (14)   (15)   (16)   (17) 
(1) Number workers 1.000 
(2) Number domestic 0.959 1.000 
(3) Average wage 0.008 0.024 1.000 
(4) Average wage domestic 0.008 0.022 0.936 1.000 
(5) OPT Extension  -0.051 -0.059 0.226 0.209 1.000 
(6) IT Occupation  -0.008 -0.011 0.159 0.144 0.385 1.000 
(7) Sanctuary Jurisdictions 0.050 0.042 0.045 0.040 0.050 0.002 1.000 
(8) Related Occupation 0.000 0.004 0.083 0.076 -0.032 -0.016 0.005 1.000 
(9) Skill Content   -0.108 -0.134 0.294 0.281 0.408 0.235 0.011 0.066 1.000 
(10) IT Percentage 0.108 0.134 0.092 0.083 0.052 0.042 0.104 0.016 0.062 1.000 
(11) Population 0.333 0.323 0.121 0.117 0.045 0.003 0.163 0.005 0.082 0.476 1.000 
(12) Income 0.162 0.153 0.170 0.161 0.042 0.015 0.257 0.011 0.046 0.457 0.458 1.000 
(13) Education  0.136 0.137 0.136 0.127 0.075 0.033 0.241 0.017 0.046 0.545 0.426 0.749 1.000 
(14) Sex Ratio -0.056 -0.069 -0.002 0.001 -0.015 -0.013 0.035 -0.007 -0.012 -0.184 -0.114 -0.040 -0.083 1.000 
(15) Age Ratio  -0.088 -0.093 -0.077 -0.070 -0.035 -0.028 -0.097 -0.006 -0.041 -0.438 -0.248 -0.344 -0.557 -0.117 1.000 
(16) Unemployment Rate -0.030 -0.040 -0.043 -0.040 0.058 -0.018 -0.099 -0.004 -0.023 -0.274 -0.103 -0.312 -0.368 0.132 0.201 1.000 
(17) GDP Occupation 0.257 0.241 0.135 0.130 0.078 0.012 0.194 0.010 0.156 0.405 0.774 0.472 0.398 -0.070 -0.199 -0.101 1.000 

  
 


