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This study reveals a new finding on the impact of reputation growth on crowdsourcing vendors’ sustainable performance in different modes of markets using fixed-effect panel data regression models. To this end, we extract data from a large Chinese crowdsourcing platform named zbj.com for the period of 2012–2014, which was a key stage for the establishment of market diversification. Based on different transaction modes, the study divides the markets on the crowdsourcing platform into task-based market (TBM) and employment market (EPM). By applying the multiple framework, the empirical results exhibit a negative and significant effect of vendors’ reputation on participation rate (PR) in TBM and EPM. At the same time, reputation also has a consistent effect on vendors’ revenue share (RS) of each market. Moreover, this study shows that the significant reputation impact on PR and RS of EPM will be, respectively, weakened and strengthened in fixed-price mode and customized mode when vendors participate more in large-scale projects. The findings suggest that the growth of reputation will promote market transfer of vendors, that is, showing different sustainability in different markets, which will lead to uneven development of the crowdsourcing markets. By adopting the perspective of transaction cost theory (TCT), this study elaborates and analyses these phenomena and derives corresponding policy implications.
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INTRODUCTION

In recent years, the rise of online crowdsourcing has come to provide a broader platform for enterprises. This new outsourcing model, born in the internet era, has become increasingly known and accepted (Chandler and Kapelner, 2013). Although the current online labor market is still developing, crowdsourcing platforms already have considerable numbers of registered users (Chen and Horton, 2016). Vendors seek new ways to participate in employment because they cannot find suitable traditional paid jobs; consequently, many are turning to online labor markets such as crowdsourcing platforms (Afuah and Tucci, 2012). This outsourcing model can make full use of the advantages of internet technology, accelerate the globalization of labor, and significantly improve the efficiency of human resource allocation. Crowdsourcing platforms such as Upwork.com and Freelancer.com enable vendors to complete various simple or complex projects for employers worldwide. With the development of crowdsourcing platforms, the market types of crowdsourcing have become increasingly diversified. Vendors can choose markets with different trading modes to obtain higher efficiency and benefits (Estellés-Arolas and González-Ladrón-de-Guevara, 2012).

In a broad sense, crowdsourcing tasks can be divided into microtasks, design-creative tasks, and macrotasks (Cheng et al., 2015). Microtasks are a simple and straightforward form of crowdsourcing. Every microtask can be completed simply and cheaply by the public; however, with the accumulation of tasks, a large project can be achieved (Majima et al., 2017). Successful examples include OpenStreetMap and crowdsourcing logistics. Design-creative tasks are another type of crowdsourcing (Blazquez-Resino et al., 2020; Al-Kumaim et al., 2021). With the advent of the Internet, some public-oriented design competitions can be implemented through crowdsourcing, which enables the demand-side companies to break the enterprise’s geographical or internal boundaries and obtain the most valuable works (Bayus, 2013; Buenadicha-Mateos et al., 2019). Macrotasks involve enterprises hiring vendors on crowdsourcing platforms to deliver satisfactory solutions that cannot be generated internally (Clemons, 2009; Satzger et al., 2013; Liu et al., 2014). Such tasks usually require more upfront investment and devotion of considerable resources and energy: examples include business planning, software development, and engineering design. This article focuses on design-creative tasks and macrotasks, which are generally arranged through a third-party online crowdsourcing platform.

Existing studies classify market types on crowdsourcing platforms mainly from the perspectives of task features. Howe (2006), for instance, differentiates between three types of markets, i.e., crowdsourcing idea game, crowdsourced problem solving, and prediction markets. Afuah and Tucci (2012) distinguish crowdsourcing markets between tournament-based and collaboration-based crowdsourcing. Taeihagh (2017) generalizes three types of crowdsourcing on microtasks in virtual labor markets, tournament crowdsourcing and open collaboration. These studies pay less attention to the classification from transaction modes. Through the investigation of the existing mainstream platforms, we have introduced a new classification focusing on design-creative tasks and macrotasks based on transaction modes. According to the latest Alexa Traffic Rank, we selected some high-traffic crowdsourcing websites and analyzed their market types (see Table 1). Therefore, this study divides the crowdsourcing market into task-based markets (TBM) and employment markets (EPM). TBM is the initial popular market of crowdsourcing platforms. After the employer publishes a task, vendors in the market compete to be selected to undertake it, and the employer chooses satisfactory works (reward mode) or qualified vendors (bidding mode) according to their preferences. EPM is a later form of market that emerges after a crowdsourcing platform develops to a particular stage. On some crowdsourcing platforms, vendors can set up their stores and package service products (fixed-price mode) or wait for employers to hire (customized mode). Projects with the fixed-price mode are better suited to small-scale projects, whereas the customized mode is more suitable for large-scale projects.


TABLE 1. Market types of crowdsourcing platforms.
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There have been various studies on the influencing factors of crowdsourcing vendors’ working behavior. First, many scholars have analyzed vendors’ online performance. Demographics including age, gender, education, and number of income sources can explain the patterns in workers’ participation and how workers engage in different types of work (Chen et al., 2019). Subtask heterogeneity also plays a significant role on the formation of the online performance in crowdsourcing labor markets (Mourelatos et al., 2020a). Monitoring with economic penalties may activates social norms for honesty and promotes honest reporting in an online labor market (Reffett et al., 2019). The factors that affect the pricing behavior of crowdsourcing vendors mainly include product costs, competitive dynamics, and virtual costs (Hong et al., 2016). Another study has indicated that, like offline labor markets, monopsony also be present in online crowdsourcing labor markets (Dube et al., 2020). Second, crowdsourcing quality issue is a common concern of related literature. One study found that the quality of crowdsourcing microtasks completed by vendors is not mainly affected by monetary incentives (Zheng et al., 2011). At the same time, the quality of complex crowdsourcing tasks is relatively high when the degree of cooperation is high or low, but a medium degree of cooperation is associated with low quality (Bullinger et al., 2010). Moreover, complex crowdsourcing projects with higher prices usually attract the participation of more experienced vendors and obtain higher quality results (Liu et al., 2014).

As in most online markets, reputation play a critical role in affecting crowdsourcing vendors’ behavior (Kokkodis and Ipeirotis, 2016). Employers mainly pay attention to reputation when choosing vendors and use it as a quality signal (Bolton et al., 2004). This is why researchers have increasingly come to focus on how to measure reputation in crowdsourcing markets. There are three main reputation mechanisms: (a) establish a feedback rating system (Yoganarasimhan, 2013); (b) review qualifications, for instance through online verification of work experience (Agrawal and Tambe, 2016), a gold membership system (Banker and Hwang, 2008), and third-party certification (Goes et al., 2010); and (c) effective two-party interaction (Gefen and Carmel, 2008). Research to date has explored various reputation mechanisms to solve the problems of information asymmetry in online labor markets, and provided foundations for the development of online transactions. However, the complexity of online interactions has so far limited understanding of the impact of crowdsourcing vendors’ reputation. A few studies have done some related research. Evidence have been found that the earnings a contractor obtains from working through crowdsourcing market positively correlates with higher reputation scores (Gandini et al., 2016). In more detail, reputation has a significant impact on the transaction type of fixed-price contracts, but no obvious impact for time-material contracts (Lin et al., 2018). Moreover, raters were candid when feedback was private, but when feedback suddenly became public, reputations began inflating (Filippas et al., 2017).

A review of the literature shows that little research (Ma et al., 2020) has been involved into the reputation impact on sustainable performance of crowdsourcing vendors in different markets. Moreover, while scholars have conducted a series of studies of transaction costs in electronic transactions (Hill, 1990; Teo and Yu, 2005; Thomassen et al., 2016), few have addressed the field of crowdsourcing. This article, therefore, draws on transaction cost theory to verify how reputation affects sustainable performance of vendors for different market modes in a crowdsourcing platform. By empirically analyzing crowdsourcing vendors’ performance in various markets, this article aims to provide both theoretical and empirical basis for crowdsourcing vendors and platforms to formulate better strategies.



THEORETICAL BACKGROUND AND HYPOTHESES

Transaction cost theory (TCT) was proposed originally by Coase (1937) to explain the existence of firms, and was further developed by Williamson (1981, 1985). The adoption of transaction costs in online transactions research also has a long history (Teo and Yu, 2005; Wu et al., 2014; Liang et al., 2021; Mohammad et al., 2021). TCT explains why a transaction subject chooses a particular form of transaction instead of others. Different transaction costs in various labor markets can lead to multiple segmentations (Masters and Miles, 2002). On the other words, given that all other factors are equal, a customer will go with a channel that has lower transaction costs whether online or offline (Liang and Huang, 1998).

Transaction cost theory has two behavioral assumptions, bounded rationality and opportunism, among them, uncertainty is an important reason (Nooteboom, 1992). A specific analytical perspective demonstrates that, in the TBM, it is difficult for vendors to identify trusted partners (Bapna et al., 2001; Farrell et al., 2017; Reffett et al., 2019), which will increase uncertainties of the transaction and further increase transaction costs (Teo and Yu, 2005; Anwar et al., 2006; De Schepper et al., 2015). On the other hand, in the EMP, customization may diminish uncertainties, which in turn will lead to lower transaction costs (Mohammad et al., 2021). This may indicate that transaction costs in TBM are higher than in EMP. This study further analyses and verifies this prediction below.

Transaction costs involved in online transactions can be classified as searching costs, monitoring costs, and adapting costs (Teo and Yu, 2005). The searching cost is that associated with the time or effort expended by vendors in finding proper tasks and selecting employers. Monitoring costs are costs spent by vendors to ensure that contracts are faithfully executed. Adapting cost is the cost vendors bear to deal with exceptions during contract implementation or costs associated with after-sales services (Liang et al., 2021). Based on this classification, we conducted an online survey of crowdsourcing vendors to confirm the difference in transaction costs between different market modes. The questionnaire was tested with 312 vendors enrolled in both TBM and EPM of a large Chinese crowdsourcing platform named zbj.com. The design of the questionnaire items refers to the relevant literature (Teo and Yu, 2005; Liang et al., 2021), as shown in Appendix 1. Table 2 summarizes the mean value of transaction costs perceived by vendors in various crowdsourcing markets. The data show that, in general, TBM has higher transaction costs than EPM, which is coincident with the previous forecast.


TABLE 2. Mean value of transaction cost in different markets of survey data.
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For further analysis, we also found evidence consistent with other studies. First, in TBM, since vendors need to filter large number of tasks fitting for them, the searching costs are relatively high. By contrast, in EPM, more accurate information can be easily obtained, which dramatically reduces vendors’ searching costs in transactions (Anderson and Gatignon, 1986; Leiblein, 2003). Second, there is more obvious information asymmetry and uncertainty in TBM, so the supplier has less control over the transaction process, which leads to an increase in monitoring costs (De Schepper et al., 2015; Choi and Contractor, 2016). Moreover, in the fixed-priced mode of EPM, most of the tasks have relatively fixed solutions, meaning that vendors’ monitoring costs are minimal. Third, as adapting costs involving more ex post costs, the difference in average adapting costs between the two markets is not obvious. Thus, for vendors, the overall transaction costs in EPM are much lower than those in TBM. When the perceived transaction costs are relatively high, vendors’ willingness to continue participating will be relatively low; conversely, when the perceived transaction costs are relatively low, vendors’ willingness to continue participating in that market will be stronger (Liang and Huang, 1998). Accordingly, when conditions permit, vendors may tend to choose the EMP for conducting transactions (Yasuda, 2005; Reuer and Ragozzino, 2014).

Through a review of the literature, reputation is a common indicator that affects online user choices and transaction costs (De Schepper et al., 2015; Thomassen et al., 2016; Lin et al., 2018). In crowdsourcing platform-based transactions, the lack of face-to-face communication means that reputation has a significant impact on crowdsourcing vendors (Zhou et al., 2008; Kokkodis and Ipeirotis, 2016; Lin et al., 2018). Therefore, based on the perspective of TCT, this study chooses reputation as a main influencing factor to measure vendors’ market participation and revenue sources. In this scenario, after first entering a crowdsourcing market, a vendor with little reputation has to generate a higher reputation score by participating in TBM, with high transaction costs. Once the vendors acquire enough reputation, the lower transaction costs will likely motivate vendors to set up their stores and attract more employers in EPM. As the vendor’s reputation grows, it will become more feasible for them to sustainably participate in EPM. On this basis, we propose the following hypothesis:

H1: As the reputation of crowdsourcing platform vendors improves, the proportion participating in the TBM will decrease and the proportion participating in the EPM will increase.

H1 aims to verify the influence of reputation on the sustainable performance of the vendors’ crowdsourcing market. On this basis, this research will further examine how the growth of the vendors’ reputation affects their revenue. The previous setting suggests that as the reputation of vendors improves, their income will increasingly come from EPM. The following hypothesis is therefore proposed:

H2: As the reputation of crowdsourcing platform vendors improves, their revenue share in TBM will decrease and their revenue share in the EPM will increase.

To describe in more detail the impact of reputation growth on the vendors’ sustainable performance, we will consider scales of the tasks refer to other related studies (Barthélemy and Quélin, 2006; Mohammad et al., 2021). The link between task scales and transaction costs is quite straightforward. As the scale increases, the number of contingencies in the contract will goes up, it thus becomes more expensive to write, monitor and enforce (Balakrishnan and Wernerfelt, 1986). Transaction costs will be high in fulfilling more contractual requirements when vendors participating in large-scale projects (Williamson, 1991; Bartheìlemy, 2001).

From the overall crowdsourcing market, the reward mode of TBM accounts for a relatively small proportion. This study therefore does not distinguish between the reward and bidding modes of TBM in the empirical part. Thus, we analyze three markets: TBM (Market 1), fixed-price mode EPM (Market 2), and customized mode EPM (Market 3). According to our investigation, Market 2 is better suited to small-scale tasks and Market 3 is more suited to large-scale tasks. The relatively higher transaction costs of large-scale projects mean that when vendors move from TBM to EPM, the scale of the task will moderate the impact of reputation. Specifically, an increase in vendors’ participation in large-scale projects will negatively moderate their participation and revenue share in Market 2 but positively moderate their participation and revenue share in the Market 3. The following assumptions are therefore made:

H3a: When vendors participate in more large-scale crowdsourcing projects, the influence of their reputation on their willingness to participate in the fixed-price mode EPM (Market 2), and on their revenue share in this market, will weaken.

H3b: When vendors participate in more large-scale crowdsourcing projects, the influence of their reputation on their willingness to participate in the customized mode EPM (Market 3), and on their revenue share in this market, will increase.

The research framework is shown in Figure 1.


[image: image]

FIGURE 1. Research framework.




MATERIALS AND METHODS


Sample Selection

This article conducts empirical research on crowdsourcing platform vendors. The specific data source is Zbj.com, one of the largest comprehensive crowdsourcing platforms in China. Zbj.com was founded in 2006 and was initially mainly based on the bidding/reward mode (TBM). In 2012 the platform introduced the store mode (EPM) to offer more benefits for vendors and increase the efficiency of its crowdsourcing markets. Interviews with two managers from Zbj.com in 2019 highlighted that 2012–2014 was a critical period for EPM, as it progressed from inception to prosperity. Given that many vendors entered EPM at this stage, the influence of reputation and task characteristics on vendors’ sustainable performance in different markets is easy to observe.

In seeking to study the vendors’ performance in different markets, we collected all transaction data of the top 1,000 active vendors during the 2-year transition period from September 2012 to August 2014. After excluding vendors who participated in very many or very few projects, along with those who undertook invalid transactions, we finally selected more than 500,000 valid tasks in which 589 vendors participated in TBM and EPM over the 2 years. This served as the research sample for our empirical analysis.

The selected sample vendors are all small teams with 3–10 employees who have registered for 1–3 years on the platform by the year 2012. The vendors distributed in various regions of China, among which Chongqing (where the platform is located) and the eastern coastal areas are the main ones. The industries involved by the sample vendors include logo design, development and IT, writing and translating, marketing strategy and Video editing.



Measures

To analyze the extent to which reputation influences the sustainable performance of vendors in different crowdsourcing markets, we adopt panel data regression models. This section focuses on the research design used in the study. After first setting out the definition and measurement approach for each variable, we then present the research models.


Sustainable Performance of Different Crowdsourcing Markets

To accurately reflect the sustainable performance of vendors in different markets, this article selects the vendors’ market participation rate (PTCm,it) and market revenue share (RVNm,it) as the dependent variables, where m represents a different crowdsourcing market, and t represents a period (each month is one time period, and there are a total of 24 time periods). The two variables, respectively, represent (a): the participation rate of vendor i in crowdsourcing market m in period t, and (b): the revenue share of vendor i in crowdsourcing market m in period t.



Reputation Value

This article draws on previous research (Yoganarasimhan, 2013; Kokkodis and Ipeirotis, 2016; Lin et al., 2018) by selecting the vendor’s reputation value as the independent variable (RPTt), measured by the average reputation value of vendor i in period t. As vendors continue to accumulate completed projects in the crowdsourcing market, their reputation value will continue to increase. Reputation value is calculated following the rules set by the platform1.



Control Variables

The following control variables are included:


•Participation rate of a vendor in large projects (LAPt–1).



The transaction costs of vendors in the bidding mode is relatively high, so participating in large projects in the task-based market will significantly increase transaction costs. The participation rate in large projects will, therefore, affect the vendor’s market participation and revenue. This variable is expressed as the proportion of large-scale projects in which vendor i participates during period t−1.


•Vendor’s project experience (EXPt–1).



In crowdsourcing markets, experience is an essential determinant of the likelihood of being hired (Gefen and Carmel, 2008; Ma et al., 2020). The more projects in which a vendor participates, the greater their project experience and the better their ability to judge the pros and cons of various market choices, which will affect their market participation choices. This variable is expressed as the cumulative total number of projects in which vendor i participated during period t−1.


•Vendor’s winning-bid rate (SBWt–1/LBWt–1).



Most new vendors in a task-based market initially have a very low winning rate for their bids. However, with the accumulation of project experience and reputation, vendors’ bid-winning rate will gradually increase. The bid-winning rate inevitably impacts on vendors’ willingness to participate in the market. Of them, large-scale projects and small-scale projects somewhat differ in nature because small-scale projects are always repetitive low-tech items. Therefore, this study takes the cumulative winning rate for large-scale projects and for small-scale projects as two independent control variables to construct the model. The two variables are, respectively, expressed as the bid-winning rate for large-scale and small-scale projects of vendor i in period t−1.


•Project’s overall market share (MKSmt).



The overall market share of projects represents the relative number of projects in a certain period of the market, which is bound to impact each vendor’s market selection at that time. This variable is expressed as the proportion of all projects in market m in time period t: m = 1 represents Market 1; m = 2 represents Market 2; and m = 3 represents Market 3.


•Average price difference between markets (ΔMKP21,t/ΔMKP31,t).



If the overall average price of items in a crowdsourcing market is higher, then the willingness of vendors to participate in the market will increase. We therefore select two control variables: the average price difference between Market 2 and Market 1 in period t, and the average price difference between Market 3 and Market 1 in period t.

Table 3 details the descriptive statistics. Since not all the vendors started to participate in the tasks at the beginning of the selected period, some of the observations of 589 vendors in 24 periods are missing. Thus, the observations numbers of variables related to vendors (RPTt,LAPt–1, EXPt–1, SBWt–1, LBWt–1) are 12,278. The remaining variables are not associated with vendors, and only related to the market in the certain period. The observation numbers are 14,136, among them, the value of each vendor in the same period is equal. Moreover, because the reputation value (RPTt) and vendors’ experience (EXPt–1) are much larger than other variables, the natural logarithm is taken in the model to get higher precision. In addition, since there exists negative value (minimum value = −1379) for MKS21,t, the natural logarithm is taken after normalization in the data processing.


TABLE 3. Descriptive statistics.
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Empirical Models

To test the theoretical framework mentioned above, we establish the following panel data models:

Model 1:

[image: image]

Model 2:
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where m = 1, 2, 3, respectively, represents Market 1, Market 2, and Market 3; i (i = 1,…,589) and t (t = 1,…,24), respectively, represent the ith vendor and tth time period.




RESULTS


Sample Description

Based on the sample data, we divide the study period into 24 calendar months to construct a time series and add the vendor profiles to form panel data. Regarding the overall distribution of projects in the sample (Figure 2), we see a significant shift over time in the proportion of projects in each market, with the proportion of projects in the EPM gradually increasing. Figure 3 depicts the distribution of projects of different scales based on project value. Projects valued at RMB 300–1,000 account for the most transactions (39%), followed by projects valued at RMB 1,000–3,000 (25%), below RMB 300 (17%), RMB 3,000–5,000 (13%), and above RMB 5,000 (6%). We also sought to verify whether task characteristics influence vendors’ market selection by making a simple distinction between large- and small-scale projects. Because the sample mean is very sensitive to outliers, the median RMB 805 is adopted for this purpose. On this basis, we counted the total number of large- and small-scale projects in which the sample vendors participated in the crowdsourcing markets (see Figure 4). The results show that in TBM, the reward mode is suitable for small projects while the bidding mode is more suitable for large projects. In EPM, the fixed-price mode is more often used for relatively simple and highly reproducible small projects, while the customized mode is generally used for large-scale projects.
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FIGURE 2. Distribution of the total number of projects in which sample vendors participated.
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FIGURE 3. Proportion of sample vendors participating in projects of different scales.
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FIGURE 4. Comparison of project types in which sample vendors participated.


Based on the above analysis, Figure 5 depicts the market transition trend presented by the sample. It shows that projects generally shift from TBM with higher transaction costs to EPM with lower transaction costs. At the same time, small projects flow more toward the fixed-price mode, whereas large projects flow more toward the customized mode. The following empirical analysis will further verify the influence of vendors’ reputation growth on the sustainable performance in difference markets.
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FIGURE 5. Market transition trends of crowdsourcing vendors.




Empirical Results

Tables 4, 5 report the results from the fixed-effect regression models, respectively, analyzing the influence of the vendor’s reputation and other variables on the vendor’s market participation (Model 1) and revenue share (Model 2).


TABLE 4. Panel fixed-effects regression analysis results of vendors’ market participation rate.
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TABLE 5. Panel fixed-effects regression analysis results of vendors’ market revenue share.
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Reputation Effects on Vendors’ Market Participation Rate

In Table 4, the coefficients of vendor’s reputation (RPTt) in the three models are, respectively, significantly negative (r = −0.211, p < 0.01), significantly positive (r = 0.059, p < 0.05), and significantly positive (r = 0.143, p < 0.05). These results indicate that an increase in reputation lowers a vendor’s participation in TBM but increases the participation in EPM. In other words, as vendors’ reputation improves, the willingness of participation in TBM (Market 1) will gradually decrease and their willingness to participate in EPM (Market 2 and Market 3) will gradually increase. This is consistent with H1.



Reputation Effects on Vendors’ Market Revenue Share

In Table 5, the coefficients on vendor’s reputation (RPTt) in the three models are, respectively, significantly negative (r = −0.221, p < 0.01), significantly positive (r = 0.085, p < 0.01), and significantly positive (r = 0.199, p < 0.01). These results indicate that as vendors’ reputation improve, their revenue share in EPM (Market 2 and Market 3) will increase. This is consistent with H2.



The Moderating Effect of Project Scale

In terms of the control variables, the vendor’s participation rate in large-scale projects (LAPt–1) has significantly positive coefficients for Markets 2 (r = 0.365, p < 0.01; r = 0.449, p < 0.05) and Market 3 (r = 297, p < 0.01; r = 0.427, p < 0.01) in Tables 4, 5. These results indicate that when vendors participate in more large-scale projects, both their participation and the share of their revenue generated in EMP will increase. These findings are consistent with our prior expectations. The moderating effect of task scale is tested by introducing the interaction “RPTt × LAPt–1” into the model. The results in Tables 4, 5 show that, in both models, the coefficient of this interaction is significantly negative in Market 2 (r = −0.199, p < 0.01; r = −0.263, p < 0.01), and the coefficient of Market 3 is significantly positive (r = 0.081, p < 0.05; r = 0.054, p < 0.05). These results show that the reputation impact on vendors’ participating in customized mode EPM (Market 3) will increase as the participation rate of large-scale projects increases, and the reputation influence of vendors’ participating in the fixed-price mode EPM (Market 2) will be weakened when enrolled into more large-scale projects. Similarly, the vendor’s reputation effect on revenue share in fixed-price mode EPM (Market 2) and customized mode EPM (Market 3) will be relatively weakened and enhanced with a rise of the large-scale projects participation rate. These findings are consistent with H3a and H3b.




Robustness Checks

Robustness checks were conducted to further verify the findings. As mentioned above, the sample vendors serve different industries. Considering the influence of task characteristic, we grouped vendors who enrolled in different types of tasks. Based on the classification of crowdsourcing tasks (Cheng et al., 2015), we distinguish between design-creative tasks and macrotasks for different industries. Development and IT tasks, writing and translating tasks and video editing tasks can be considered as macrotasks. On the other hand, Logo design tasks and marketing strategy tasks are generally design-creative tasks. From this perspective, we divide crowdsourcing vendors into creative groups and non-creative groups, containing 272 and 317 vendors, respectively. Regressions are conducted for evaluating the reputation impact on participation rate in different markets of both groups.

Model 7, Model 9, and Model 11 in Table 6 shows the empirical results of creative groups while Model 8, Model 10, and Model 12 provides the result of non-creative group. Model 7 and Model 8 demonstrates that reputation negatively moderates the vendors’ participation rate of TBM in both scenario (r = −0.109, P < 0.05; r = −0.423, P < 0.01). The coefficients of RPTt in Model 9–Model 12 are significantly positive, indicating vendors from both groups have a strong willingness to participate in EPM when reputation increase continuously. In addition, both coefficient value and significance level of creative group are higher than non-creative ones. This indicates that the results are more prominent in non-creative group. For the interaction item “RPTt × LAPt–1,” we also got the same conclusion as the original models. To summarize, based on the analysis of two vendor groups in different industries, we can assume that the task characteristics will not alter the reputation impact on vendors’ performance in different crowdsourcing markets. This shows that the empirical results are robust to a certain extent.


TABLE 6. Robustness checks.
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Discussion

Overall, the results indicate that vendors on the crowdsourcing platform have gradually shifted from the TBM to EPM in line with improvement in their reputation over time. Vendors’ sustainable performance in EPM is strong, and the revenue share generated in EPM has increased accordingly. This is because transaction costs are higher for crowdsourcing vendors in TBM. Once vendors’ have a sufficiently established reputation to access opportunities in the employment market, they will become more willing to divert their attention from, and perhaps even quit, the TBM.

For EPM, our analysis revealed the customized mode primarily includes large and high-value projects, while the fixed-price market is for packaged products with relatively low-value projects. When the vendor participates in more large-scale projects, the influence of their reputation on the participation rate and revenue share will be weakened in the fixed-price EPM but relatively more robust in the customized EPM.




CONCLUSION AND LIMITATIONS

This article drew on transaction cost theory to explore the relationship between the growth of vendors’ reputation, the scale of crowdsourcing tasks, and the vendors’ sustainable performance in different types of crowdsourcing markets. Building on previous studies (Liu et al., 2014; Hong et al., 2016; Lin et al., 2018; Mourelatos et al., 2020b), this research provides new evidence of online crowdsourcing vendors’ behavior from a unique perspective, and enriches related research in the field of crowdsourcing. This research also expands the application of TCT to the field of social business in the new era.

This study sourced data from a large Chinese crowdsourcing platform and established a panel fixed-effect model. The results indicate that crowdsourcing vendors tend to shift from TBM to EPM as their reputation improves, although this depends on the market environment and their capabilities. It should be noted that vendors have to establish a sufficiently strong reputation before entering EPM. Once their reputation reaches a higher level, vendors will become less willing to continue participating in TBM and more inclined to participate in EPM. Vendors may use TBM to improve their reputation and prepare themselves for entering EPM. However, within EPM, projects in the fixed-price mode are relatively more straightforward, repeatable, and decomposable than those in the customized mode, which is relatively more suitable for large-scale projects. The results also demonstrate that when vendors accept more large-scale projects, reputation plays a minor role in the participation rate and revenue share of the fixed-price mode EPM and has a more significant impact on the customized mode EPM.

The conclusion of this study provides a theoretical logic to explain the mechanism of TCT in the crowdsourcing markets. Extend studies apply TCT to examine the market migration due to different transaction costs, and verify that users tend to choose channels with lower transaction costs (Liang and Huang, 1998; Teo and Yu, 2005; Wu et al., 2014; Mohammad et al., 2021). Considering the situation of crowdsourcing, based on a vendors’ survey and literature review, this study introduces a new category of crowdsourcing markets and analyses the level of transaction costs in different markets, verifying that vendors also prefer channels with lower transaction costs in crowdsourcing environment. On the other hand, the premise that transaction costs can work is that other conditions of users are equal (Liang and Huang, 1998). The differences in other factors may cause the effect of transaction costs to be unobservable. Therefore, at the same time, we introduce reputation as an important measure of vendor condition to verify whether it is possible to enter channels with lower transaction costs as vendor conditions change. This study explain that the improvement of reputation can increase vendors’ participation rate and revenue share of the market with lower transaction costs, which provides new empirical evidence for the role of reputation in vendors’ market sustainable performance under TCT theory. In addition, the positive moderation effect of large-scale participation rate on reputation also shows that reputation plays a more significant role in market migration when the difference in transaction costs is greater.

This research yields several managerial implications for the operators of crowdsourcing platforms. Just like the traditional labor market, there appear to be large resource differences among crowdsourcing markets, which lead to significant preferences of crowdsourcing vendors. Vendors who enter a premium market and gain a strong reputation early may then behave monopolistically (Dube et al., 2020), making the more profitable EPM saturated and difficult to enter. In view of this, crowdsourcing platforms should further regulate market order, continuously explore new business models, improve reputation mechanisms, and avoid imbalances in income distribution and brain drain. Platforms should aim to assist vendors of different ability levels and with different field specialisms, thereby building more appropriate market segments and better promoting the coordinated development of various markets. Moreover, platforms should assume more social responsibilities and better maintain the rights of crowdsourcing vendors. For example, individuals and SMEs that are new to the market should be given more support.

This study has several shortcomings that need to be addressed by future research. First, the analyzed sample includes observations from only one crowdsourcing labor platform. Although the chosen platform is one of the largest crowdsourcing platforms in China, with many active projects and vendors, it conceivably has unique characteristics that may prevent generalizing the research findings to other online labor markets. Second, the sample also lacks data on some vendor characteristics, including the age, region, and gender of the vendor team, none of which were controlled for in the study. Although such information is often not observable when trading in a crowdsourcing labor market, these individual characteristics may need to be considered in this type of researches. Further studies could focus on expanding the sample to include various global crowdsourcing platforms. In addition, a diversified methodology like natural experiment could be applied to undertake an in-depth assessment of the research context.
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FOOTNOTES

1The reputation value calculation rules provided by the platform. Basic rules: reputation growth value = transaction amount × growth coefficient Growth coefficient rules: (i) After the transaction is completed, employers will make evaluation. Positive comment: growth coefficient = 1; Neutral comment: growth coefficient = 0.5; Negative Comment: growth coefficient = 0, no growth value will be accumulated. (ii) Employers actively make positive comment: the growth coefficient +0.1; Employers actively make positive comment and the number of words is greater than 15 words, the growth coefficient +0.2. (iii) Repeat customer transactions: if the vendor conducts two or more transactions with employers, after the second and subsequent transactions are completed and positive comment are made, the growth coefficient +0.5.


REFERENCES

Afuah, A., and Tucci, C. L. (2012). Crowdsourcing as a solution to distant search. Acad. Manage. Rev. 37, 355–375. doi: 10.5465/amr.2010.0146

Agrawal, A., and Tambe, P. (2016). Private equity and workers’ career paths: the role of technological change. Rev. Financ. Stud. 29, 2455–2489. doi: 10.1093/rfs/hhw025

Al-Kumaim, N. H., Alhazmi, A. K., Ramayah, T., Shabbir, M. S., and Gazem, N. A. (2021). Sustaining continuous engagement in value co-creation among individuals in universities using online platforms: role of knowledge self-efficacy, commitment and perceived benefits. Front. Psychol. 12:637808. doi: 10.3389/fpsyg.2021.637808

Anderson, E., and Gatignon, H. (1986). Modes of foreign entry: a transaction cost analysis and propositions. J. Int. Bus. Stud. 17, 1–26. doi: 10.1057/palgrave.jibs.8490432

Anwar, S., McMillan, R., and Zheng, M. (2006). Bidding behavior in competing auctions: evidence from eBay. Eur. Econ. Rev. 50, 307–322. doi: 10.1016/j.euroecorev.2004.10.007

Balakrishnan, S., and Wernerfelt, B. (1986). Technical change, competition and vertical integration. Strateg. Manage. J. 7, 347–359. doi: 10.1002/smj.4250070405

Banker, R. D., and Hwang, I. (2008). Importance of measures of past performance: empirical evidence on quality of e-service providers. Contemp. Account. Res. 25, 307–337. doi: 10.1506/car.25.2.1

Bapna, R., Goes, P., and Gupta, A. (2001). Comparative analysis of multi-item online auctions: evidence from the laboratory. Decis. Support Syst. 32, 135–153. doi: 10.1016/S0167-9236(01)00107-5

Bartheìlemy, J. (2001). The hidden costs of IT outsourcing. MIT Sloan Manage. Rev. 42, 60–69.

Barthélemy, J., and Quélin, B. V. (2006). Complexity of outsourcing contracts and Ex post transaction costs: an empirical investigation. J. Manage. Stud. 43, 1775–1797. doi: 10.1111/j.1467-6486.2006.00658.x

Bayus, B. L. (2013). Crowdsourcing new product ideas over time: an analysis of the Dell IdeaStorm community. Manage. Sci. 59, 226–244. doi: 10.1287/mnsc.1120.1599

Blazquez-Resino, J. J., Gutiérrez-Broncano, S., Ruiz-Palomino, P., and Jimenez-Estevez, P. (2020). Dealing with human resources in the age of consumer 4.0: aiming to improve service delivery. Front. Psychol. 10:3058. doi: 10.3389/fpsyg.2019.03058

Bolton, G. E., Katok, E., and Ockenfels, A. (2004). How effective are electronic reputation mechanisms? An experimental investigation. Manage. Sci. 50, 1587–1602. doi: 10.1287/mnsc.1030.0199

Buenadicha-Mateos, M., Sánchez Hernández, M. I., González-López, O. R., and Tato-Jiménez, J. L. (2019). Well-being lessons for improving charities’ online recruitment. Front. Psychol. 10:2582. doi: 10.3389/fpsyg.2019.02582

Bullinger, A. C., Neyer, A. K., Rass, M., and Moeslein, K. M. (2010). Community-based innovation contests: where competition meets cooperation. Creat. Innov. Manag. 19, 290–303. doi: 10.1111/j.1467-8691.2010.00565.x

Chandler, D., and Kapelner, A. (2013). Breaking monotony with meaning: motivation in crowdsourcing markets. J. Econ. Behav. Organ. 90, 123–133. doi: 10.1016/j.jebo.2013.03.003

Chen, D. L., and Horton, J. J. (2016). Are online labor markets spot markets for tasks? A field experiment on the behavioral response to wage cuts. Inf. Syst. Res. 27, 403–423. doi: 10.1287/isre.2016.0633

Chen, W. C., Suri, S., and Gray, M. L. (2019). More than money: correlation among worker demographics, motivations, and participation in online labor market. Proc. Int. AAAI Conf. Web Soc. Media 13, 134–145.

Cheng, J., Teevan, J., Iqbal, S. T., and Bernstein, M. S. (2015). “Break it down: a comparison of macro-and microtasks,” in Proceedings of the 33rd Annual ACM Conference on Human Factors in Computing Systems, (New York, NY: ACM), 4061–4064.

Choi, J., and Contractor, F. J. (2016). Choosing an appropriate alliance governance mode: the role of institutional, cultural and geographical distance in international research & development (R&D) collaborations. J. Int. Bus. Stud. 47, 210–232. doi: 10.1057/jibs.2015.28

Clemons, E. K. (2009). The complex problem of monetizing virtual electronic social networks. Decis. Support Syst. 48, 46–56. doi: 10.1016/j.dss.2009.05.003

Coase, R. H. (1937). The nature of the firm. Economica 4, 386–405. doi: 10.2307/2626876

De Schepper, S., Haezendonck, E., and Dooms, M. (2015). Understanding pre-contractual transaction costs for public–private partnership infrastructure projects. Int. J. Proj. Manag. 33, 932–946. doi: 10.1016/j.ijproman.2014.10.015

Dube, A., Jacobs, J., Naidu, S., and Suri, S. (2020). Monopsony in online labor markets. Am. Econ. Rev. Insights 2, 33–46. doi: 10.1257/aeri.20180150

Estellés-Arolas, E., and González-Ladrón-de-Guevara, F. (2012). Towards an integrated crowdsourcing definition. J. Inf. Sci. 38, 189–200. doi: 10.1177/0165551512437638

Farrell, A. M., Grenier, J. H., and Leiby, J. (2017). Scoundrels or stars? Theory and evidence on the quality of workers in online labor markets. Account. Rev. 92, 93–114. doi: 10.2308/accr-51447

Filippas, A., Horton, J., and Golden, J. M. (2017). Reputation in the Long-Run. Cesifo Working Paper No. 6750. Munich: Center for Economic Studies and ifo Institute (CESifo).

Gandini, A., Pais, I., and Beraldo, D. (2016). Reputation and trust on online labour markets: the reputation economy of Elance. Work Organ. Labour Global. 10, 27–43. doi: 10.13169/workorgalaboglob.10.1.0027

Gefen, D., and Carmel, E. (2008). Is the world really flat? A look at offshoring at an online programming marketplace. MIS Q. 32, 367–384. doi: 10.2307/25148844

Goes, P. B., Karuga, G. G., and Tripathi, A. K. (2010). Understanding willingness-to-pay formation of repeat bidders in sequential online auctions. Inf. Syst. Res. 21, 907–924. doi: 10.1287/isre.1080.0216

Hill, C. W. (1990). Cooperation, opportunism, and the invisible hand: implications for transaction cost theory. Acad. Manage. Rev. 15, 500–513. doi: 10.5465/amr.1990.4309111

Hong, Y., Wang, C., and Pavlou, P. A. (2016). Comparing open and sealed bid auctions: evidence from online labor markets. Inf. Syst. Res. 27, 49–69. doi: 10.1287/isre.2015.0606

Howe, J. (2006). The rise of crowdsourcing. Wired 14, 176–183.

Kokkodis, M., and Ipeirotis, P. G. (2016). Reputation transferability in online labor markets. Manage. Sci. 62, 1687–1706. doi: 10.1287/mnsc.2015.2217

Leiblein, M. J. (2003). The choice of organizational governance form and performance: predictions from transaction cost, resource-based, and real options theories. J. Manag. 29, 937–961. doi: 10.1016/S0149-2063(03)00085-0

Liang, T. P., and Huang, G. S. (1998). An empirical study on consumer acceptance of products in electronic markets: a transaction cost model. Decis. Support Syst. 24, 29–43. doi: 10.1016/S0167-9236(98)00061-X

Liang, T. P., Lin, Y. L., and Hou, H. C. (2021). What drives consumers to adopt a sharing platform: an integrated model of value-based and transaction cost theories. Inf. Manage. 58:103471. doi: 10.1016/j.im.2021.103471

Lin, M., Liu, Y., and Viswanathan, S. (2018). Effectiveness of reputation in contracting for customized production: evidence from online labor markets. Manage. Sci. 64, 345–359. doi: 10.1287/mnsc.2016.2594

Liu, T. X., Yang, J., Adamic, L. A., and Chen, Y. (2014). Crowdsourcing with all-pay auctions: a field experiment on Taskcn. Manage. Sci. 60, 2020–2037. doi: 10.1287/mnsc.2013.1845

Ma, X., Kuem, J., Hou, J., Khansa, L., and Zhu, Z. (2020). Are all contributions equal? Investigating the role of community participation in crowdwork. Decis. Sci. 7, 1–44. doi: 10.1111/deci.12471

Majima, Y., Nishiyama, K., Nishihara, A., and Hata, R. (2017). Conducting online behavioral research using crowdsourcing services in Japan. Front. Psychol. 8:378. doi: 10.3389/fpsyg.2017.00378

Masters, J. K., and Miles, G. (2002). Predicting the use of external labor arrangements: a test of the transaction costs perspective. Acad. Manage. J. 45, 431–442. doi: 10.2307/3069357

Mohammad, A. H., Shahriar, A., and Shams, R. (2021). Customer behavior of online group buying: an investigation using the transaction cost economics theory perspective. Electron. Mark. 7, 1–15. doi: 10.1007/s12525-021-00479-y

Mourelatos, E., Giannakopoulos, N., and Tzagarakis, M. (2020a). Personality traits and performance in online labour markets. Behav. Inf. Technol. 40, 1–17. doi: 10.1080/0144929X.2020.1815840

Mourelatos, E., Giannakopoulos, N., and Tzagarakis, M. (2020b). Productivity Outcomes in Online Labor Markets and Within-Task Complexity and Difficultly (No. 739). GLO Discussion Paper. Essen: Global Labor Organization.

Nooteboom, B. (1992). Towards a dynamic theory of transactions. J. Evol. Econ. 2, 281–299.

Reffett, A., Grenier, J., Eaton, T., and Brink, W. (2019). Deterring unethical behavior in online labor markets. J. Bus. Ethics 156, 71–88. doi: 10.1007/s10551-017-3570-y

Reuer, J. J., and Ragozzino, R. (2014). Signals and international alliance formation: the roles of affiliations and international activities. J. Int. Bus. Stud. 45, 321–337. doi: 10.1057/jibs.2014.3

Satzger, B., Psaier, H., Schall, D., and Dustdar, S. (2013). Auction-based crowdsourcing supporting skill management. Inf. Syst. 38, 547–560. doi: 10.1016/j.is.2012.09.003

Taeihagh, A. (2017). Crowdsourcing, sharing economies and development. J. Dev. Soc. 33, 191–222. doi: 10.1177/0169796X17710072

Teo, T. S., and Yu, Y. (2005). Online buying behavior: a transaction cost economics perspective. Omega Int. J. Manage. Sci. 33, 451–465. doi: 10.1016/j.omega.2004.06.002

Thomassen, K., Vassbø, S., Solheim-Kile, E., and Lohne, J. (2016). Public-private partnership: transaction costs of tendering. Procedia Comput. Sci. 100, 818–825. doi: 10.1016/j.procs.2016.09.230

Williamson, O. E. (1981). The economics of organization: the transaction cost approach. Am. J. Sociol. 87, 548–577. doi: 10.1086/227496

Williamson, O. E. (1985). The Economic Institutions of Capitalism: Firms, Markets, Relational Contracting. New York, NY: Free Press.

Williamson, O. E. (1991). Comparative economic organization: the analysis of discrete structural alternatives. Adm. Sci. Q. 36, 269–296. doi: 10.2307/2393356

Wu, L. Y., Chen, K. Y., Chen, P. Y., and Cheng, S. L. (2014). Perceived value, transaction cost, and repurchase-intention in online shopping: a relational exchange perspective. J. Bus. Res. 67, 2768–2776. doi: 10.1016/j.jbusres.2012.09.007

Yasuda, H. (2005). Formation of strategic alliances in high-technology industries: comparative study of the resource-based theory and the transaction-cost theory. Technovation 25, 763–770. doi: 10.1016/j.technovation.2004.01.008

Yoganarasimhan, H. (2013). The value of reputation in an online freelance marketplace. Mark. Sci. 32, 860–891. doi: 10.1287/mksc.2013.0809

Zheng, H., Li, D., and Hou, W. (2011). Task design, motivation, and participation in crowdsourcing contests. Int. J. Electron. Commer. 15, 57–88. doi: 10.2753/JEC1086-4415150402

Zhou, M., Dresner, M., and Windle, R. J. (2008). Online reputation systems: design and strategic practices. Decis. Support Syst. 44, 785–797. doi: 10.1016/j.dss.2007.10.001


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Han, Xue and Song. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


APPENDIX


APPENDIX 1. Questionnaire items (Transaction costs).
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APPENDIX 2. Detail explanation of control variables.
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0.332*** (0.016)
0.134* (0.034)
—0.055 (0.267)
—0.024 (0.007)
6,345
0.7046

Model 11

0.233" (0.027)
0.129"* (0.016)
0.077"* (0.052)
~0.173 (0.021)
0.056" (0.043)
0.075" (0.032)
0.418"* (0.092)

—0.222* (0.049)
0.957*** (0.348)
—0.763 (0.055)

5,933
0.6755

Model 12

0.187** (0.039)
0.235"* (0.007)
0.065** (0.030)
—0.248 (0.034)

0.029 (0.013)
0.151* (0.077)

0.586"* (0.101)

—0.403" (0.061)
1,525 (0.266)
—1.628 (0.181)

6,345
0.7221

(1) Standard errors in parentheses, (2) **p < 0.01, *p < 0.05, 'p < 0.1.
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