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Dynamic group coordination facilitates adaptive division of labor in response to group-level changes. Yet, little is known about how it can be operationalized in online collaborations among individuals with limited information about each other. We hypothesized that simple social information about the task distribution of others can elicit emergent task allocation. We conducted an online experiment where participants analyze images of a polluted canal by freely switching between two tasks: creating keyword-based tags for images and categorizing existing tags. During the task execution, we presented experimentally manipulated information about the contrasting group-level task distributions. Participants did not change the effort allocation between the tasks when they were notified that the group is deficient in workers in the task they intrinsically prefer. By contrast, they allocated more effort to the less preferred task than they would intrinsically do when their intrinsic effort allocation counterbalances the current distribution of workers in the group. Such behavioral changes were observed more strongly among those with higher skills in the less preferred task. Our results demonstrate the possibility of optimizing group coordination through design interventions at the individual level that lead to spontaneous adaption of division of labor at the group level. When participants were provided information about the group-level task distribution, they tend to allocate more effort to the task against their intrinsic preference.
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1. INTRODUCTION

In groups, division of labor often emerges through task specialization, which constitutes an efficient way to perform collective tasks (Smith, 1776). However, groups composed of specialists may not function efficiently in dynamically varying social environments, where the distribution of workers across tasks may change over time. An economical solution to efficient division of labor may be afforded by coordinated task allocation in response to changes in the operational environment, considering that adaptability is one of the most fundamental prerequisites for effective teamwork (Burke et al., 2006). Team adaptation can be realized through team situational awareness (Salas et al., 1995), which emerges from shared understanding of the current situation within teams. Combined with shared mental models of task requirement and responsibility (Salas et al., 2001) and mutual performance monitoring (McIntyre and Salas, 1995), members could spontaneously adjust their roles to meet the need of others, and consequently, teams could operationalize adaptively in the new environment (Serfaty et al., 1993; Entin and Serfaty, 1999). Thus, information on the group's needs is expected to elicit coordinated task allocation toward the balanced division of labor.

A key factor for adaptive group performance is communication (Burke et al., 2006; Mastrogiacomo et al., 2014). Through communication, groups can construct shared knowledge about the expertise of members, called transactive memory (Stewart and Stasser, 1995). With transactive memory, group members can allocate their responsibilities among tasks based on their expertise and adaptively coordinate task allocation in response to changes in the environment, based on a shared mental model (Stasser et al., 1995). For example, group members with higher skills in a task may be more likely to switch to that task when there is a deficit of people working on this task to facilitate the achievement of the collective goal. Once transactive memory is developed in a group, members can coordinate task allocation through the existing transactive memory even without further communication (Wegner et al., 1991; Wittenbaum et al., 1996, 1998; Hollingshead, 2000). For example, Littlepage et al. (2008) found no effect of communication on group performance when members already had transactive memory. However, transactive memory would be difficult to develop in the first place in groups with limited communication tools, such as online communities, or short-lived groups that do not have time to do so. Presently, it is not clear whether these groups are still able to coordinate without communication or transactive memory in response to changes in the operational environment when provided only with social information about the current task allocation.

Crowdsourcing, an online practice of enlisting a large number of people to perform micro-tasks, offers a unique experimental setting to systematically investigate group coordination. Recent studies have explored collective tasks in crowdsourcing projects, where participants spontaneously allocate themselves among different activities (Luther et al., 2009; Willett et al., 2011; Valdes et al., 2012). Common tasks performed in crowdsourcing projects are content creation and content curation. In content creation, participants act as distributed sensors to gather information. In ARTigo (www.artigo.org), for example, people tag images of artwork with the associated words, such as style and emotions, toward building a search engine for artwork. In content curation, participants act as distributed processors to extract semantic information from the large amount of data created by automated monitoring systems or human participants. In Snapshot Serengeti (www.snapshotserengeti.org), people categorize images of wildlife into species online, which helps understand the distribution of wildlife. When participants share an objective in conducting crowdsourcing projects with multiple activities, they may coordinate their task allocation as a virtual group, and consequently, overall output of the projects may increase (Dissanayake et al., 2015).

The use of crowdsourcing has been shown to be particularly advantageous in performing hypothesis-driven studies on human behavior in socio-technical settings, where computer interface can be used as a customizable and controllable stimulus to identify determinants of behavior. For example, crowdsourcing has been used to investigate risk preference (Eriksson and Simpson, 2010), performance changes with group size (Mao et al., 2016), and social dilemma in networks (Suri and Watts, 2011). These efforts have contributed to validating the high-degree of reproducibility of crowdsourcing-based behavioral studies (Rand, 2012) in agreement with traditional studies (Paolacci et al., 2010; Behrend et al., 2011; Mason and Suri, 2012; Crump et al., 2013). Thus, using crowdsourcing enables the experimenter to control the social signals provided to participants and precisely identify the specific activities associated with the labor.

Beyond its potential value in social behavior, addressing group coordination in crowdsourcing has compelling implications for our capacity to design efficient collective tasks in online communities. Just as the specific motivational factors contributing to the division of labor are presently unclear, the role of social information on group coordination in crowdsourcing remains elusive. An improved understanding of these aspects could inform design interventions for collective tasks (Feigh et al., 2012; Nov et al., 2014). Such interventions could modulate social signals to elicit the dynamic assignment of people to selected tasks toward optimized collaboration in a shared effort.

Here, we investigated the roles of social information and individual differences (Nov et al., 2013) in skill levels on spontaneous task allocation when people collaborate toward a shared objective in a crowdsourcing effort as a short-lived virtual group without the possibility of communication. Resting on the premises that humans are social animals that exhibit high behavioral plasticity in response to changes in social environments (Aronson, 1972) and that task specialization is an efficient way to perform collective tasks (West et al., 2015), we hypothesized that workers in projects that are aimed at a collective goal will distribute themselves into tasks to balance the distribution of workers across the tasks. Specifically, when the number of workers on a certain task is perceived to be deficient, there should be an increased tendency of others to switch to that task. Further, we hypothesized that people who display higher skill levels in the deficient task would show stronger behavioral tendency to choose that task without knowing skill levels of others. We tested our hypotheses by providing experimentally manipulated social information about the distribution of workers between contrasting tasks (creating or curating content), using a crowdsourcing project (Laut et al., 2014) as the experimental setup.

2. MATERIALS AND METHODS

2.1. Infrastructure

The Brooklyn Atlantis citizen science project was designed to monitor the environmental health of the Gowanus Canal (Brooklyn, NY, USA), one of the most polluted bodies of water in the U.S. On the web-based platform, participants access the images taken by an aquatic robot and can create tags on any notable objects in the images. We modified the Brooklyn Atlantis infrastructure to allow participants to perform two tasks: an image tagging task and a tag categorization task (Figure 1). In the image tagging task, participants are presented with an image, and are instructed to select any notable object using a mouse and type the description using a keyboard. They are allowed to create as many image tags as they want on the same image. In the tag categorizing task, participants are presented with an existing tag associated with a particular image, created by other participants. When participants hover the mouse over the tag, they are displayed a portion of the image associated with the tag text. To assign a category to a tag, participants drag the tag text to one of the categories presented at the bottom of the screen, such as “nature,” “waste/debris,” and “human-made structure.” Each tag can belong to only one category.
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FIGURE 1. Screenshots of a tagging mode (Left) and a categorizing mode (Right).



The platform records the number of images participants tagged and categorized. Detailed instructions for each task are included on the task screens. Additionally, the application displays to participants the number of other people currently working each of the two tasks.

2.2. Experiment

We recruited U.S. participants from Amazon Mechanical Turk. A flow chart in Figure 2 summarizes the experimental procedure. First, participants were presented with the collective objective: a short paragraph was displayed to them, explaining that the images and tags come from an environmental monitoring project and that participation will aid the project's effort in assembling an image repository. This was aimed at increasing participants' motivations by framing the crowdsourcing effort as a scientific activity with societal benefits, and laying a collective objective to be accomplished through both the tagging and categorization tasks. The participants were informed that monetary compensation did not depend on either the individual's or the group's output. Then, participants were asked to complete a 4-min online tutorial on both the tagging and categorizing tasks (Figure 1). After completing the tutorial, participants proceeded by clicking a button to a 3-min trial session, in which they familiarized themselves with the application. During this session, participants were allowed to switch freely between the two tasks by clicking “Switch Tasks” or continue to the next image by clicking “Next.”
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FIGURE 2. A flow chart of the experimental procedure.



After the trial session, participants proceeded by clicking a button to the main experimental session in which they were instructed to work on their tasks of choice for 8 min, during which they could freely switch between tasks or continue working on the same task. The first task displayed on the screen was randomized in the trial and main sessions, which controlled for any bias caused by participants simply continuing in the first task they encountered during the experiment.

To investigate spontaneous task allocation in response to the task choices of others, we displayed experimentally manipulated information about the number of other participants performing the tagging and categorizing tasks throughout the main session (Table 1). Each participant was randomly assigned to one of four experimental conditions: In the control condition, participants were given no social information on how many people were engaged in either task. In the “categorizers deficient” condition, participants were informed that 14 people were tagging and 1 person was categorizing. In the “taggers deficient” condition, they were informed that 1 person was tagging and 14 people were categorizing. In the “balanced” condition, they were informed that seven people were tagging and seven people were categorizing. The displayed numbers included the participant. When the participant switched the task, the numbers were adjusted accordingly to keep the total number of other participants constant throughout the main session.


Table 1. The numbers of taggers and categorizers displayed to the participants in the main session.
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Participants were automatically logged out of the system when they were inactive for 10 min in the main session or for 30 min in the entire experiment. As a result, we had 94 participants in the control condition, 121 participants in the “categorizers deficient” condition, 57 participants in the “balanced” condition, and 109 participants in “taggers deficient” condition, totaling 381 participants. Upon finishing the whole session, participants were paid $2.50. Each participant was allowed to participate in the experiment only once.

This study was exempt from an institutional review board and did not require an approval by an ethics committee, as the methods and experimental protocols fell under the category of exempt research by University Committee on Activities Involving Human Subjects. The informed consent was obtained from all subjects to participate in the study.

2.3. Analysis

First, we investigated whether the social information presented to participants changed their choice of tasks. We used a generalized linear model with treatment (control, “categorizers deficient,” “balanced,” and “taggers deficient”) as a predictor variable and the numbers of images tagged and categorized by each participant as response variables, specifying binomial errors with a logit link [R package lme4 v.1.1-12 (Bates et al., 2015)]. The effect of each treatment was compared to the control condition using a Wald test, whose statistic is equal to a z-score. The statistical significance was adjusted for multiple comparisons using Dunnett's test [R package multcomp v.1.4-6 (Hothorn et al., 2008)]. Participants who did not switch the task during the entire session (i.e., the trail and main sessions) were excluded from the analysis to eliminate the possibility that they did not understand the functionality of the platform (n = 13 in control, 24 in “categorizers deficient,” 8 in “balanced,” and 15 in “taggers deficient”). Subsequently, the analysis was conducted using 321 participants in total, with 81 participants in the control condition, 97 participants in the “categorizers deficient” condition, 49 participants in the “balanced” condition, and 94 participants in the “taggers deficient” condition.

Next, we investigated whether the spontaneous task allocation was influenced by the participant's skill levels of performing one task relative to the other. We assessed individual skill levels as the speed of tagging relative to that of categorizing, considering that time is a resource that is limited equally to all participants during the task. Specifically, using the data in the trial session, we calculated the proportion of the speed of tagging per image over the sum of the speeds of tagging and categorizing for each individual. The relative speed of tagging ranges between 0 and 1, with large values indicating that participants perform the tagging task faster than the categorizing task per image. We also checked the consistency of the relative speed of tagging over time by comparing between the trial session and the main session in the control condition (i.e., no social information on others) using Pearson's correlation test. To test the effect of the relative speed of tagging on task allocation, we used a generalized linear model, specifying binomial errors with a logit link. As predictor variables, we specified treatment and participant's relative speed of tagging as main effects and the interaction of the two. Significance of the interaction term was checked using a likelihood ratio test by comparing the fit of the model with and without the interaction term. Significance of each coefficient was checked using a Wald test with Bonferroni correction for multiple comparisons (Zuur et al., 2009).

Finally, we explored the rationale of the potential influence of the relative skill levels on spontaneous task allocation without a possibility of communication. Specifically, we investigated whether the relative skill level of an individual was associated with the absolute skill level of the individual among all participants. We tested for correlation between the relative speed of tagging and the absolute speed of tagging among all participants in the trial session using Pearson's correlation test.

3. RESULTS

In the 3-min trial session, where no social information was provided, participants (n = 321) created 10.3 ± 5.5 (mean ± standard deviation) tags and categorized 25.7 ± 14.7 tags. They spent 87.6 ± 35.5 s on tagging and 92.4 ± 35.5 s on categorizing. As a result, participants created 0.12 ± 0.05 tags/s and categorized 0.27 ± 0.09 tags/s, spending 32.4 ± 18.6% of time on tagging. In the 8-min main session, participants in the control condition (n = 81) created 29.8 ± 16.8 tags in 209.7 ± 97.7 s and categorized 83.4 ± 40.5 tags in 270.3 ± 97.7 s. As a result, they created 0.14 ± 0.05 tags/s and categorized 0.31 ± 0.09 tags/s.

In the 8-min main session, the social information presented to participants influenced the choice of task (Figure 3). When participants did not receive any social information, they performed the categorizing task more often than the tagging task (73.7% on average, z = 43.445, p < 0.001), indicating that participants were intrinsically biased in task choice toward categorizing. However, when participants received social information that taggers were deficient in the group (“taggers deficient” condition), participants changed their actions to counterbalance the distribution of workers by performing a tagging task more often compared to the control condition (z = 10.855, p < 0.001). Similarly, when participants were informed that others were distributed evenly between the tasks in the group (“balanced” condition), they changed from the intrinsic task choice that were biased toward categorizing and performed a tagging task more often compared to the control condition (z = 3.702, p < 0.001). By contrast, when participants were notified that group distribution between the tasks was strongly biased against the intrinsic task choice (“categorizers deficient” condition), they did not change their actions compared to the control condition (z = −1.203, p = 0.485).
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FIGURE 3. Proportion of the number of tagging acts over the total number of tagging + categorizing acts in different conditions: control condition (no social information), “categorizers deficient” condition (14 taggers and 1 categorizer), “balanced” condition (7 taggers and 7 categorizers), and “taggers deficient” condition (1 tagger and 14 categorizers). Asterisks indicate significant difference (p < 0.05) compared to the control condition. Vertical lines indicate 95% confidence intervals.



Participants' relative speed of tagging was consistent across trials (Figure 4). The relative speed of tagging was positively correlated between the trial session and the main session in the control condition (Person's correlation test, r = 0.368, t = 3.522, df = 79, p < 0.001). Further, the relative speed of tagging within a participant was highly correlated with the absolute speed of tagging among all participants in the trial session (r = 0.511, t = 10.614, df = 319, p < 0.001).
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FIGURE 4. Participant's relative speed of tagging in the trial session and the main session. Relative speed of tagging was calculated as the proportion of tagging speed over the total speed (tagging and categorizing).



Spontaneous task allocation was determined by both the treatment and participant's relative speed of tagging (Figure 5). Overall, we found a significant interaction between treatment and the relative speed of tagging (Likelihood ratio test, [image: image], adjusted p < 0.001), indicating that relationship between task choice and relative speed of tagging depended on the treatments. When the “categorizers deficient” condition was compared to the control condition, there was no significant interaction between conditions and the relative speed of tagging (z = −0.446, adjusted p > 0.999). By contrast, when the “balanced” condition was compared to the control condition, the relative speed of tagging showed a positive interaction with condition (z = 4.539, adjusted p < 0.001), indicating that participants with higher speeds of tagging relative to categorizing were more likely to perform the tagging task, compared to the participants in the control condition. A similar relationship was found in the “taggers deficient” condition, where participants with higher speeds of tagging were more likely to switch to a tagging task (z = 7.015, adjusted p < 0.001).
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FIGURE 5. Effects of the relative speed of tagging on task choice. (A) “Categorizers deficient” condition, (B) “balanced” condition, (C) “taggers deficient” condition. Dashed lines represent the control condition, and solid lines represent the treatment conditions with some form of social information. Each point represents the number of images tagged (top) and categorized (bottom) by each individual. The point size is proportional to the number.



4. DISCUSSION

The results confirm our hypothesis that people spontaneously allocate their tasks toward balancing the division of labor in response to social information about the worker distribution when they perform a collective task. Specifically, when people were notified that the group deficits workers in the categorizing task (i.e., the “categorizers deficient” condition), they did not change their intrinsic task choice, which was biased toward categorizing. By contrast, they allocated more effort to the less preferred task than they would intrinsically do when their intrinsic task choice counterbalances the current distribution of workers in the group (i.e., the “taggers deficient” and “balanced” conditions). Therefore, our results suggest that the social information elicits spontaneous task allocation when people are working toward a collective goal.

Further, in agreement with our expectations, the findings revealed that the extent of the observed behavioral changes depended on the participant's skill levels. In both the “taggers deficient” and “balanced” conditions, a stronger behavioral change toward tagging against their intrinsic inclination to categorizing was found in participants who exhibited higher skill levels in tagging compared to categorizing (i.e., faster speed of tagging relative to categorizing). By contrast, participants with low tagging speed were less likely to change their task choice from their intrinsic inclination to categorizing in the same situations. In our study, it is plausible that participants with low tagging speed exhibited limited changes in task allocation toward tagging as they assumed that they would contribute less to the group output if they changed their behavior. Therefore, people working as a group toward a collective goal are likely to use their skill level in each task in deciding task allocation, possibly to optimize group performance when direct communication is not possible.

Naturally, the amount of information curated should be similar to the amount of information created toward maximizing group output, and participants in a collective task changed their task choices to the expected direction. When they were not able to communicate to assess their own skill levels relative to others, participants used their skill levels of one task relative to the other as a reference for changing their actions. This is seemingly counterintuitive, since knowledge of the relative skills of a participant should not constitute a valid appraisal of the absolute skills of the participant in a group. However, the relative speed of tagging of each participant was highly correlated with the absolute speed of tagging among other participants, suggesting that self-assessment may offer an efficient indicator for the contribution to the group in collective tasks. Thus, in agreement with our hypothesis, participants with high skill levels in a specific task tended to contribute more to it as a compensatory strategy to increase group output (Salas et al., 2015). Further study is needed to test whether participants would exhibit more adaptive behavioral responses to the social information when provided with information about the absolute skill levels of participants within a group.

Our results show that the social information elicited behavioral change even in the “balanced” condition, where people performed the tagging task more often than they would intrinsically do, such that the efforts were evenly distributed between the tasks at a group level. However, social information on the task distribution might exert a weaker influence in larger groups, as people could feel negligible contributions of changing their behavior to the group. Responses to social information would also hinge on the rewarding schemes. In contrast to our experiment, rewarding group performance might facilitate behavioral changes against the individual preference toward a more balanced division of labor, whereas rewarding individual performance might hinder such behavioral changes by eliciting selfish behavior.

Our study was grounded in the use of crowdsourcing as an experimental platform to investigate changes in division of labor in virtual groups. This platform was pivotal in testing our hypothesis, by providing the possibility to systematically select social interactions, precisely identify tasks, and present the social information in real time. Beyond these methodological advantages, crowdsourcing allows to reach a diverse background of participants and optimizes cost- and time-effectiveness, in comparison with more traditional experimental settings (Mason and Suri, 2012). However, the use of crowdsourcing could also raise concerns about the generalizability of our findings, which are based on experiments where social influences occurred only in a virtual setting and the users were paid to participate. While it could be proposed that these factors might change motivations of participants, potentially eliciting more selfish behavior (Kohn, 1993), recent studies have indicated that paid participants in crowdsourcing exhibit the same heuristics in behavior as those in traditional methods (Paolacci et al., 2010) and that data quality is not affected by the amount of payment (Mason and Watts, 2009). These concerns are further assuaged by our findings that participants indeed exhibited spontaneous task allocation in response to social information and expertise to the expected direction as adaptive groups would do, in a similar way that group members lend support to one another if necessary (Porter et al., 2003).

Although our results demonstrate that people can utilize simple social information to balance the division of labor, they do not undermine the importance of communication in adaptive group coordination. Numerous studies demonstrate that communication enhances group performance by allowing group members to identify expertise and knowledge of others (Stasser et al., 1995; Argote and Olivera, 1999) and allocating task responsibilities in such a way to utilize their expertise (Hackman, 1987; Littlepage et al., 1995, 1997; Stempfle et al., 2001). Further, communication can enhance adaptive group coordination in the dynamic environment by helping members to learn from each other and foster team situational awareness (West, 2004). Thus, communication is an important factor for groups to capitalize the synergetic potential. However, laying the foundation for direct communication is challenging in online communities with limited communication tools. In these communities, performance could be enhanced by implementing information sharing mechanisms, in which people can share their knowledge (Kankanhalli et al., 2005; Espinosa et al., 2007; Robert et al., 2008) and engage in discussion (Alavi and Leidner, 1999). When it is practically difficult or impossible to implement these systems, due to technical and privacy-related issues, it may still be possible to enhance group performance by providing the information about the past actions of others, considering that people can infer expertise of others from it (Wegner et al., 1991). Further study is needed to scrutinize the influences of different types of information on group dynamics (Stieglitz and Dang-Xuan, 2013), with a metric that accurately assesses group performance.

Our study shows that, overall, participants modified their contributions to balance the task distribution in the group. Such group awareness in a virtual setting is also seen in many other large-scale online environments, such as Wikipedia and Stack Overflow, where people help each other as virtual groups with no seeming reward (McLure-Wasko and Faraj, 2000, 2005; Forte et al., 2009). Our findings suggest the possibility of enhancing group output through design interventions that address individual behavioral plasticity to ultimately modulate spontaneous adaption of collective dynamics (Feigh et al., 2012; Barg-Walkow and Rogers, 2016). For example, by exposing workers to social information about a distribution of other workers, the collective task designer or administrator could dynamically influence workers' task choice in a desired direction. Considering that groups often perform better when they are given autonomy in decision making (Hackman and Oldham, 1980), such design interventions can help enhance group management and output.
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