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Studies promote crowdsourcing as an alternative source of creativity for companies. By investigating whether a boundary exists in crowdsourcing for innovation, we aim to identify the conditions under which the generic crowd (mainly consisting of novices, instead of professionals) is less creative. Based on the componential theory of creativity, we compare the crowd's and professionals' creativity, focusing on generalist versus specialist tasks. Leveraging online experiments and semantic analysis, we find that the crowd is more creative than professionals in solving generalist tasks. However, the crowd is less innovative than professionals in solving specialist tasks, thereby suggesting a boundary to crowdsourcing. Nevertheless, to solve specialist tasks, members of the crowd can gain relevant knowledge by exposing themselves to each other's ideas, thereby suggesting an attempt to break the boundary. This study offers new insights into the boundary of crowdsourcing for innovation.

Introduction

The practice of crowdsourcing has become increasingly prevalent in various industries, with approximately 85% of the most successful global brands using crowdsourcing in the past two decades [START_REF] Roth | The State of Crowdsourcing in[END_REF]. Crowdsourcing is "a form of open innovation that aims to boost idea generation in innovation processes" [START_REF] Cappa | When does crowdsourcing benefit firm stock market performance[END_REF]. The underlying rationale is that "the collective intelligence" of a large number of contributors outside the firm's boundaries increases the likelihood of achieving high-quality ideas with exceptional business potential [START_REF] Cappa | When does crowdsourcing benefit firm stock market performance[END_REF][START_REF] Howe | The rise of crowdsourcing[END_REF]. For instance, Netflix has used crowdsourcing to improve its algorithms [START_REF] Hallinan | Recommended for you: The Netflix Prize and the production of algorithmic culture[END_REF], Starbucks has generated product ideas from customers [START_REF] Hossain | Generating Ideas on Online Platforms: A Case Study of "My Starbucks Idea[END_REF], and Dell [START_REF] Bayus | Crowdsourcing New Product Ideas over Time: An Analysis of the Dell IdeaStorm Community[END_REF] and IBM [START_REF] Bjelland | An inside view of IBM's' Innovation Jam[END_REF]) have adopted crowdsourcing for new product design.

The literature has mainly looked at how to attract valuable contributions from the crowd for innovative ideas (e.g., [START_REF] Blohm | Crowdsourcing: how to benefit from (too) many great ideas[END_REF][START_REF] Chiu | What can crowdsourcing do for decision support?[END_REF][START_REF] Ren | Increasing the crowd's capacity to create: how alternative generation affects the diversity, relevance and effectiveness of generated ads[END_REF], at the factors that affect crowd members' willingness to submit ideas [START_REF] Piezunka | Idea Rejected, Tie Formed: Organizations' Feedback on Crowdsourced Ideas[END_REF], or at the conditions that can foster knowledge exchange among members of the crowd [START_REF] Martinez | Inspiring crowdsourcing communities to create novel solutions: Competition design and the mediating role of trust[END_REF]. However, it is unclear whether crowdsourcing in the domain of creativity/innovation has any boundary or cap. We focus on the creative application of crowdsourcing, explore the boundary of crowdsourcing in the domain of creativity, and investigate the means to break such a boundary. In particular, we aim to compare the creativity of the generic crowd with that of experts and attempt to improve the crowd's creativity.

Prior studies comparing the crowd with experts in the domain of creativity have provided anecdotal evidence for this comparison in one or two product designs [START_REF] Nishikawa | User-generated versus designer-generated products: A performance assessment at Muji[END_REF][START_REF] Poetz | The Value of Crowdsourcing: Can Users Really Compete with Professionals in Generating New Product Ideas[END_REF], and as suggested for these specific products (e.g., baby products), the generic crowd performed more creatively. In reality, we have also seen examples of professionals outperforming the generic crowd-an example is NASA's crowdsourcing campaign to name a new node of the International Space Station, even though NASA did not use any names from the crowd eventually. These various comparison outcomes call for a study that systematically and theoretically compares the crowd and experts in the domain of creativity. In response to this, we aim to answer the following research questions. 1) Under what circumstances does the crowd outperform professionals creativity-wise and under what circumstances otherwise? 2) If professionals outperform the crowd creativity-wise, how can the crowd improve its creativity to catch up?

We define creativity in our study as "the production of novel and useful solutions" [START_REF] London | Creativity and Information Systems: A Theoretical and Empirical Investigation of Creativity in IS[END_REF], and we measure it through the practicality and novelty of generated ideas from the crowd versus professionals [START_REF] Brem | The search for innovative partners in co-creation: Identifying lead users in social media through netnography and crowdsourcing[END_REF][START_REF] London | Creativity and Information Systems: A Theoretical and Empirical Investigation of Creativity in IS[END_REF]. Since the crowd and professionals are all individuals, we adopt a classic factorial theory [START_REF] Wang | A literature review on individual creativity support systems[END_REF]) that taps into individual creativity-that is, the componential theory of creativity [START_REF] Amabile | Componential theory of creativity: Harvard Business School[END_REF]. According to this theory, there are three components of individual creativity: 1) domain-relevant skills, 2) creativity-relevant processes, and 3) motivations to contribute. In our study, we focus on the first two components, as we assume that both parties have comparable motivations to create and contribute. In our later experiments, set against professionals, we gave our participants, who were members of the crowd, equal incentives to control for the third component.

We use the task type to measure the two components of creativity in our study [START_REF] Amabile | Componential theory of creativity: Harvard Business School[END_REF]. Specifically, we employ the task type of a specialist task and generalist task to trigger the different domain knowledge and various creativity-relevant processes between the generic crowd and professionals, which may consequently lead to different creativity outcomes. In particular, specialist tasks (e.g., designing nuclear plants) require high specificity of the necessary domain knowledge and can limit the solution space for people to explore diverse perspectives. Meanwhile, generalist tasks require a broader range of domain knowledge [START_REF] Hossain | Generating Ideas on Online Platforms: A Case Study of "My Starbucks Idea[END_REF][START_REF] Yu | Cooks or cobblers?: crowd creativity through combination[END_REF], and the solution space for people to explore diverse perspectives is wider as well.

We argue, given the crowd's and professionals' inherent differences in these two components, that the generic crowd and professionals may have different levels of creativity. If the inherent difference between the generic crowd and professionals can be reduced in some way, the creativity performance difference between them would also be reduced. Moreover, we maintain that the learning process [START_REF] Janz | Understanding the Antecedents of Effective Knowledge Management: The Importance of a Knowledge-Centered Culture*[END_REF] can help the generic crowd (who are by nature novices) become experts, reducing the inherent differences (especially the first component) between the crowd and professionals. Specifically, we conjecture that, for specialist tasks, the crowd's creativity can be potentially enhanced to a level close to professionals' creativity as long as members of the crowd participate in this learning process.

To explore these conjectures driven by the componential theory of creativity, we conducted two studies, each with an online experiment, through which we directly identified causality among variables [START_REF] Shadish | Experimental and quasi-experimental designs for generalized causal inference[END_REF][START_REF] Winston | What Counts as an Experiment?: A Transdisciplinary Analysis of Textbooks, 1930-1970[END_REF] and excluded or controlled for the confounding effect of other contextual variables (e.g., motivations of the participants). For idea collection, we posted two open calls: one for a specialist task (the design of a cybersecurity channel) and one for a generalist task (the design of an iPhone application). To collect the ideas of professionals, we requested professionals with doctoral degrees in the field of computer science to develop relevant ideas. Professionals in the subfields of cybersecurity and the design of iPhone applications participated in our study to make sure they have domain knowledge for both the specialist task and the generalist task. To test the creativity of crowds, we asked members of a Mechanical Turk crowd (who have domain knowledge for the generalist task but probably not for the specialist task) to produce their ideas independently. This way, these two parties vary in their domainrelevant skills. Moreover, we used semantic analysis to measure the creativity processes of crowd members versus professionals in their generated ideas [START_REF] Egozi | Concept-Based Information Retrieval Using Explicit Semantic Analysis[END_REF][START_REF] Genc | Exploratory search with semantic transformations using collaborative knowledge bases[END_REF][START_REF] Genc | Discovering Context: Classifying Tweets through a Semantic Transform Based on Wikipedia[END_REF]. These two parties vary in their creativity-relevant processes.

We found that the generic crowd outperforms professionals creativity-wise only for generalist tasks, and it is the other way around for specialist tasks. However, when crowd members learn from each other's generated ideas regarding the specialist tasks, their creativity level can increase to a level that is significantly higher than that of the crowd's solutions without learning.

The contributions of this study to the crowdsourcing literature are fourfold. First, this study is among the first attempts to focus on the boundary of crowdsourcing for innovation, in comparison to professionals. Identifying this boundary provides more insight into the crowd's limitations and thus sheds light on the discussion of overcoming these limitations. This understanding also significantly contributes to the design of crowdsourcing systems. Second, we highlight the importance of knowledge to creativity. Combined, the literature on creativity and crowdsourcing suggests that the diverse backgrounds of crowd members may not contribute to their creativity if they do not have sufficient knowledge to understand the open call or the boundary of the context. As a result, the creativity of the crowd may be compromised. Realizing this relationship between knowledge and creativity, our study explores potential solutions to address this issue, which complements existing research (e.g., [START_REF] Nishikawa | User-generated versus designer-generated products: A performance assessment at Muji[END_REF][START_REF] Poetz | The Value of Crowdsourcing: Can Users Really Compete with Professionals in Generating New Product Ideas[END_REF]. Third, we provide empirical evidence that crowd members can learn from each other to gain more knowledge about specialist tasks and to gradually understand the boundary of the context. As a consequence, their diverse backgrounds could contribute to collective creativity, thereby eventually breaking the boundary of crowdsourcing. Fourth, this study introduces a novel mixed-methods design (experiment and semantic analysis) to examine crowd members' thinking process for innovation in a crowdsourcing setting. We use semantic analysis to calculate the semantic distance between the topics in ideas and task definitions, and this provides a retrospective measure of how idea creators utilize their knowledge for creativity.

The remainder of this paper is structured as follows. The next section reviews the literature on the crowd's and professionals' creativity and introduces the theoretical basis for our work. In Section 3, we formalize our hypotheses. Next, we report on our two experimental studies. Section 5 elaborates on the findings and implications before outlining the limitations and avenues for future research. Our concluding remarks follow in Section 6.

Literature Review

Creativity

In the past, many organizations have shifted their innovation model from solely relying on in-house experts to a private-collective model [START_REF] Von Hippel | Open Source Software and the "Private-Collective" Innovation Model: Issues for Organization Science[END_REF]. These organizations conduct innovation search and generate creative product and service ideas with external resources such as customers, suppliers, and universities [START_REF] Gassmann | Extreme customer innovation in the front-end: learning from a new software paradigm[END_REF][START_REF] Harryson | Flexibility in innovation through external learning: exploring two models for enhanced industry university collaboration[END_REF][START_REF] Schiele | Early supplier integration: the dual role of purchasing in new product development[END_REF][START_REF] Zhang | Building social translucence in a crowdsourcing process: A case study of Miui.com[END_REF]. These general crowd members are recognized as a vital source of external innovation [START_REF] Cappa | When does crowdsourcing benefit firm stock market performance[END_REF] and are invited by organizations for creativity co-creation [START_REF] Elmquist | Exploring the field of open innovation[END_REF][START_REF] Feldmann | Understanding the Factors Affecting Employees' Motivation to Engage in Co-Creation in the Banking Industry[END_REF][START_REF] Johnson | Crowdsourcing Service Innovation Creativity: Environmental Influences and Contingencies[END_REF][START_REF] Kristensson | Users as a Hidden Resource for Creativity: Findings from an Experimental Study on User Involvement[END_REF]. Among the different collaboration models, crowdsourcing has been one of the most widely used methods for the external search for innovation [START_REF] Bayus | Crowdsourcing New Product Ideas over Time: An Analysis of the Dell IdeaStorm Community[END_REF][START_REF] Kyriakou | Knowledge Reuse for Customization: Metamodels in an Open Design Community for 3D Printing[END_REF].

There are two streams of literature on innovation/creativity. The first deals with the measurement of creativity/innovation. Most studies focus on the practicality and novelty dimensions of creative solutions. For example, [START_REF] London | Creativity and Information Systems: A Theoretical and Empirical Investigation of Creativity in IS[END_REF] viewed creativity as the production of novel and useful solutions. [START_REF] Brem | Creativity and Innovation: State of The Art and Future Perspectives for Research[END_REF] suggested that creativity has multiple dimensions, with special recognition of newness and usefulness. The second stream of research relates to increasing the creativity level of firms or individuals. For example, on the one hand, [START_REF] London | Creativity and Information Systems: A Theoretical and Empirical Investigation of Creativity in IS[END_REF] focused on the link between technology fit and creative performance within firms. [START_REF] Brem | Creativity and Innovation: State of The Art and Future Perspectives for Research[END_REF] summarized three factors that increase the creativity performance within firms: environmental factors, leadership competencies, and methods for creative thinking. Hughes, Lee, Tian, Newman, and Legood (2018) explored how leadership impacts creativity in teams. On the other hand, at the individual level, [START_REF] Brem | Creativity and Innovation: State of The Art and Future Perspectives for Research[END_REF] suggested that most studies explore the creativity of individuals via self-reports, experiments, and qualitative studies. [START_REF] Wang | A literature review on individual creativity support systems[END_REF] summarized approaches supporting creativity in different stages from finding the problem to finding the solution, and they summarized relevant theories from factorial theory (creativity based on factors), to associative theory (creativity based on associations), to stage theory (creativity based on stages).

Crowdsourcing for Innovative Ideas

The literature has demonstrated that the crowd can provide both "black and white" answers to micro tasks, such as tagging images or adding up the total of a receipt, and provide creative solutions [START_REF] Kittur | Crowdsourcing, collaboration and creativity. XRDS: Crossroads[END_REF]. Scholars have examined ways to attract contributions of good ideas from the crowd. [START_REF] Piezunka | Idea Rejected, Tie Formed: Organizations' Feedback on Crowdsourced Ideas[END_REF] found that receiving rejections, especially with explanations, can positively affect crowd members' willingness to submit ideas in the future. [START_REF] Brem | The search for innovative partners in co-creation: Identifying lead users in social media through netnography and crowdsourcing[END_REF] compared techniques of identifying lead users in contributing ideas for innovation. [START_REF] Gillier | The effects of task instructions in crowdsourcing innovative ideas[END_REF] analyzed the impacts of different types of task instructions on innovative idea quality in the setting of crowdsourcing. Garcia [START_REF] Martinez | Inspiring crowdsourcing communities to create novel solutions: Competition design and the mediating role of trust[END_REF] explored trust in the crowdsourcing platform and its role in knowledge exchange among crowd members for better ideas. On a systematic level, using the simulation approach, Natalicchio, Messeni Petruzzelli, and Garavelli (2017) and [START_REF] Schenk | Open or proprietary? Choosing the right crowdsourcing platform for innovation[END_REF] studied the interplay of the crowd, the problem, and the platform in solving the problem and providing solutions. Accordingly, they also offered guidelines for firms to use the crowd for innovative ideas.

Moreover, scholars have focused on different creativity techniques and applied these techniques to the crowdsourcing context [START_REF] Boons | Crowdsourcing for innovation: How related and unrelated perspectives interact to increase creative performance[END_REF][START_REF] Jiang | A Theoretical and Empirical Investigation of Feedback in Ideation Contests[END_REF]. [START_REF] Morris | Affect and Creative Performance on Crowdsourcing Platforms[END_REF] and [START_REF] Wang | Crowdsourced idea generation: The effect of exposure to an original idea[END_REF] examined the effect of idea priming on generated ideas to analyze the dimensions of idea quality and idea volume. In addition, scholars have been inspired by genetic algorithms and adopted these algorithms to organize the crowd as if each crowd member's idea were a gene to be combined, modified, or selected to remain in the following generation [START_REF] Ren | Increasing the crowd's capacity to create: how alternative generation affects the diversity, relevance and effectiveness of generated ads[END_REF][START_REF] Yu | Cooks or cobblers?: crowd creativity through combination[END_REF]. Leveraging the benefits of crowdsourcing innovation, scholars have also tapped into how to integrate crowdsourcing into the internal R&D processes. For example, de Mattos et al. (2018) and [START_REF] Christensen | Open innovation and the effects of Crowdsourcing in a pharma ecosystem[END_REF] explored how firms integrated crowdsourcing into open innovation processes.

Crowd intelligence and crowd-level collective action have also shown broader sociotechnical implications, particularly for entrepreneurial and innovative processes [START_REF] Elia | Digital entrepreneurship ecosystem: How digital technologies and collective intelligence are reshaping the entrepreneurial process[END_REF] and solving difficult social or cultural problems [START_REF] Elia | Can we solve wicked problems? A conceptual framework and a collective intelligence system to support problem analysis and solution design for complex social issues[END_REF]. In the case of entrepreneurial and innovative processes, the advent of digital technologies that offer greater coordination and collaboration democratized such processes, leading to the formation of ecosystems [START_REF] Elia | Digital entrepreneurship ecosystem: How digital technologies and collective intelligence are reshaping the entrepreneurial process[END_REF] (for a detailed review on innovation and entrepreneurial ecosystems, see [START_REF] Scaringella | Innovation, entrepreneurial, knowledge, and business ecosystems: Old wine in new bottles?[END_REF]). In the early stages of the creation of innovation ecosystems, users have direct value creation roles [START_REF] Dedehayir | Roles during innovation ecosystem genesis: A literature review[END_REF]. In addition to contributing to these ecosystems by defining problems or needs to be addressed, users can also be a source of "the innovation ideas, around which ecosystems are created" [START_REF] Dedehayir | Roles during innovation ecosystem genesis: A literature review[END_REF]. Studies on digital entrepreneurship ecosystems are likely to continue to investigate the ways that crowds can be actively and effectively involved in the entrepreneurial and innovative processes as new technologies and digital actors (e.g., software agents) are introduced [START_REF] Elia | Digital entrepreneurship ecosystem: How digital technologies and collective intelligence are reshaping the entrepreneurial process[END_REF][START_REF] Mazzola | Treating the crowd fairly: Increasing the solvers' selfselection in idea innovation contests[END_REF][START_REF] Ogink | Stimulating innovation by user feedback on social media: The case of an online user innovation community[END_REF].

Crowd-level activities have produced unintended spillover effects on entrepreneurial processes. For example, crowdfunding activities legitimize entrepreneurial identity as successful campaigns signal the quality of projects being funded [START_REF] De Luca | Crowdfunding: a systemic framework of benefits[END_REF]. Furthermore, crowdfunding activities help professionals and participants be involved in the development processes [START_REF] De Luca | Crowdfunding: a systemic framework of benefits[END_REF] and facilitate the knowledge accumulated during the crowdfunding experience transfer to the society (Martínez-Climent, Mastrangelo, & Ribeiro-Soriano, 2020).

In the problem-solving domain, crowd-level collaboration can help address challenging multifaceted social problems that are widely known as "wicked problems." Wicked problems, such as disaster prevention [START_REF] Mileski | Cooperation in developing a disaster prevention and response plan for Arctic shipping[END_REF] or port resilience during major disruptions [START_REF] Becker | Using boundary objects to stimulate transformational thinking: storm resilience for the Port of Providence, Rhode Island (USA)[END_REF][START_REF] Gharehgozli | Evaluating a "wicked problem": A conceptual framework on seaport resiliency in the event of weather disruptions[END_REF] require innovative and interactive collaboration from diverse stakeholders [START_REF] Elia | Can we solve wicked problems? A conceptual framework and a collective intelligence system to support problem analysis and solution design for complex social issues[END_REF]. Similar to the entrepreneurial activities described above, crowds can generate ideas to solve these problems, and experts can evaluate them. A significant challenge to overcome is to identify the boundaries between the role of idea crowdsourcing and expert decisions or at least provide platforms and technologies that help "identify, capture and aggregate multi-stakeholder contribution through a structured approach" [START_REF] Elia | Can we solve wicked problems? A conceptual framework and a collective intelligence system to support problem analysis and solution design for complex social issues[END_REF].

With all the papers highlighting the benefit of using the crowd [START_REF] Blohm | Crowdsourcing: how to benefit from (too) many great ideas[END_REF][START_REF] Chiu | What can crowdsourcing do for decision support?[END_REF][START_REF] Ren | Increasing the crowd's capacity to create: how alternative generation affects the diversity, relevance and effectiveness of generated ads[END_REF][START_REF] Zhao | Evaluation on crowdsourcing research: Current status and future direction[END_REF], a natural question is, does crowdsourcing in the domain of creativity have a boundary? If so, under what circumstances does the crowd underperform in providing innovative ideas?

Creativity and Crowdsourcing

Crowdsourcing outsources an innovation task to a large group of people in the form of an open call (Estellés-Arolas & González-Ladrón-de-Guevara, 2012; [START_REF] Howe | The rise of crowdsourcing[END_REF][START_REF] Renard | Social interdependence on crowdsourcing platforms[END_REF][START_REF] Steils | Recruiting valuable participants in online IDEA generation: The role of brief instructions[END_REF]. Crowdsourcing harnesses the wisdom of the crowd and promotes collective intelligence by providing members with platforms to design and create user-generated content [START_REF] Blohm | Crowdsourcing: how to benefit from (too) many great ideas[END_REF][START_REF] Han | Leveraging the Wisdom of the Crowd to Address Societal Challenges: Revisiting the Knowledge Reuse for Innovation Process through Analytics[END_REF][START_REF] Riedl | Learning from Mixed Signals in Online Innovation Communities[END_REF]. Crowd members can contribute to creativity tasks individually (e.g., InnoCentive, MyStarbucksIdea, and Threadless) and collaboratively (e.g., Thingiverse, Scratch, and Climate CoLab) [START_REF] Acar | Motivations and solution appropriateness in crowdsourcing challenges for innovation[END_REF]. Previous studies suggest that one of the significant benefits of using crowdsourcing for creativity generation is access to massive, diverse ideas [START_REF] Campos-Blázquez | Employee Innovation Using Ideation Contests: Seven-Step Process to Align Strategic Challenges with the Innovation Process[END_REF][START_REF] Chiu | What can crowdsourcing do for decision support?[END_REF][START_REF] Gimpel | Facilitating like Darwin: Supporting crossfertilisation in crowdsourcing[END_REF][START_REF] Majchrzak | Towards an information systems perspective and research agenda on crowdsourcing for innovation[END_REF]. Another advantage of crowdsourcing creativity is low cost [START_REF] Afuah | Crowdsourcing As a Solution to Distant Search[END_REF][START_REF] Ogink | Stimulating innovation by user feedback on social media: The case of an online user innovation community[END_REF]. Nevertheless, there have also been critiques of the efficiency of crowdsourcing creativity due to a considerable amount of superficial or redundant outcomes [START_REF] Bjelland | An inside view of IBM's' Innovation Jam[END_REF][START_REF] Cheng | Idea Convergence Quality in Open Innovation Crowdsourcing: A Cognitive Load Perspective[END_REF].

To improve and optimize crowdsourcing creativity, prior research has identified three research directions: technology development, creative design processes, and evaluating creativity [START_REF] Hwang | Jack of All, Master of Some: Information Network and Innovation in Crowdsourcing Communities[END_REF][START_REF] Maher | Design Creativity Research: From the Individual to the Crowd[END_REF]. Some researchers collaborated with online platforms to explore new technological supports for crowdsourcing creativity, such as automatic attribution and recommendation systems [START_REF] Geiger | Personalized task recommendation in crowdsourcing information systems -Current state of the art[END_REF][START_REF] Malhotra | Engaging customer care employees in internal collaborative crowdsourcing: Managing the inherent tensions and associated challenges[END_REF]. Others focus on the creative design process and study how to organize the crowds better, divide a task, or aid the crowd to collectively explore the design space [START_REF] Han | Leveraging the Wisdom of the Crowd to Address Societal Challenges: Revisiting the Knowledge Reuse for Innovation Process through Analytics[END_REF][START_REF] Kittur | Crowdsourcing, collaboration and creativity. XRDS: Crossroads[END_REF][START_REF] Malone | Putting the Pieces Back Together Again[END_REF][START_REF] Wang | A literature review on individual creativity support systems[END_REF][START_REF] Zhu | How Does Online Interaction Affect Idea Quality? The Effect of Feedback in Firm-Internal Idea Competitions[END_REF]. Prior research also discussed the evaluation of creativity and proposed several commonly agreed measurements, such as novelty and practicality [START_REF] Boden | The creative mind: Myths and mechanisms[END_REF][START_REF] Brem | Creativity and Innovation: State of The Art and Future Perspectives for Research[END_REF][START_REF] London | Creativity and Information Systems: A Theoretical and Empirical Investigation of Creativity in IS[END_REF][START_REF] Maher | Design Creativity Research: From the Individual to the Crowd[END_REF][START_REF] Malhotra | Greater associative knowledge variety in crowdsourcing platforms leads to generation of novel solutions by crowds[END_REF]. This study aims to contribute to the improvement of the creative design process and to explore the boundary of crowdsourcing creativity.

Anecdotal Evidence from Comparing the Crowd's Creativity with Professionals'

In line with exploring the boundary of crowdsourcing in the domain of creativity, [START_REF] Poetz | The Value of Crowdsourcing: Can Users Really Compete with Professionals in Generating New Product Ideas[END_REF] and [START_REF] Nishikawa | User-generated versus designer-generated products: A performance assessment at Muji[END_REF] compared the crowd's and professionals' creativity, respectively, and focused on one incident each. [START_REF] Poetz | The Value of Crowdsourcing: Can Users Really Compete with Professionals in Generating New Product Ideas[END_REF] examined a company selling baby products as the case to study, while [START_REF] Nishikawa | User-generated versus designer-generated products: A performance assessment at Muji[END_REF] focused on the design of furniture. Both studies were descriptive and reported the outcome of creativity per se. [START_REF] Poetz | The Value of Crowdsourcing: Can Users Really Compete with Professionals in Generating New Product Ideas[END_REF] suggested that the crowd's ideas score significantly higher on novelty and customer benefits than professionals' ideas, yet they score lower on feasibility. [START_REF] Nishikawa | User-generated versus designer-generated products: A performance assessment at Muji[END_REF] found that usergenerated furniture products were more novel than designer products.

Our Focus: Theoretically Comparing the Crowd's Creativity with Professionals'

Thus far, the literature has promoted crowdsourcing for innovation, and some studies have provided anecdotal evidence indicating that the crowd can be more creative than professionals. Our study theoretically explores the boundary of crowdsourcing for innovation by comparing the crowd's creativity with professionals' and potentially providing ways to improve the crowd's creativity. Table 1 shows some exemplary papers from our literature review.

TABLE 1. LITERATURE REVIEW ON THE FOCUS OF THIS RESEARCH (WITH EXAMPLE PAPERS)

Authors Focus Findings

Crowdsourcing for Innovation [START_REF] Ren | Increasing the crowd's capacity to create: how alternative generation affects the diversity, relevance and effectiveness of generated ads[END_REF] Organizing the crowd via a genetic algorithm

The crowd in the modification system (mutation) performs more innovatively than the combination system (crossover) in generating creative Facebook ads. [START_REF] Brem | The search for innovative partners in co-creation: Identifying lead users in social media through netnography and crowdsourcing[END_REF] Lead users Techniques of identifying lead users in contributing ideas for innovation were compared.

Martinez (2017) Trust

Trust can foster knowledge exchange among crowd members for better ideas.

Natalicchio et al. (2017)

Simulation model among the crowd, the problem, and the platform Guidelines for firms using the crowd for innovative ideas were provided via a simulation approach.

Gillier et al. (2018) Task instruction

Either unbounded or prohibitive task instructions can lead to better quality ideas.

Piezunka and Dahlander (2019)

Motivation: the rejection of crowd members' ideas

Receiving rejections, especially with explanations, can positively affect crowd members' willingness to submit ideas in the future.

Anecdotal Evidence from Comparing the Crowd's Creativity with Professionals'

Poetz and Schreier (2012)

Baby products for this comparison

The crowd's ideas scored significantly higher on novelty and customer benefits than the professionals' ideas, yet they scored

Authors

Focus Findings lower on feasibility.

Nishikawa et al. (2013)

Furniture design User-generated furniture products were more novel than designer products.

Our Focus: Theoretically Comparing the Crowd's Creativity with Professionals'

Our paper

The componential theory of creativity

We systematically and theoretically compare the crowd's creativity with professionals' and explore potential methods to improve the crowd's creativity.

Componential Theory of Creativity

Since the crowd and professionals both consist of individuals, we applied one of the factorial theories explaining individual creativity [START_REF] Wang | A literature review on individual creativity support systems[END_REF]. Specifically, to theoretically compare the crowd with professionals in the domain of creativity, we employed Amabile's componential theory of creativity [START_REF] Amabile | The social psychology of creativity: A componential conceptualization[END_REF][START_REF] Amabile | Componential theory of creativity: Harvard Business School[END_REF] as the theoretical foundation of this research.

Individual creativity depends on many factors. According to the componential theory of creativity [START_REF] Amabile | The social psychology of creativity: A componential conceptualization[END_REF][START_REF] Amabile | Componential theory of creativity: Harvard Business School[END_REF], there are three components of creativity: domain-relevant skills, creativityrelevant processes, and motivations. Domain-relevant skills mainly include knowledge and expertise that a problem-solver has acquired in the particular domain where he or she is working, such as product design or electrical engineering. These skills are highly profession related. For example, a lawyer's domain-relevant skill is law and the techniques to practice law. However, creativity-relevant processes are mainly conductive to adopting new perspectives on problems, which is divergent thinking. Finally, motivations are related to what drives individuals to offer their creative ideas.

In this paper, we focus on the domain-relevant skills and creativity-relevant processes and assume that the crowd's motivation to contribute to a crowdsourcing campaign is comparable to professionals' motivation to contribute.

Hypotheses Development

We argue that the generic crowd and professionals vary in two components of creativity: domainrelevant skills and creativity-relevant processes. First, in general, professionals, given their years of experience of learning and practicing in a specific domain, have more domain-relevant skills than the members of the crowd. The latter are usually novices in this assigned domain. Second, each member of the generic crowd, given his or her lack of domain knowledge in the assigned task (in many cases, like Mechanical Turk), is more likely to apply the knowledge of his or her professions, which is distant to the assigned domain, thus creating the opportunity to adopt new perspectives on problems. Therefore, in general, the crowd has a higher value in creativity-relevant processes, specific to introducing new perspectives, than professionals.

Facing different task types, the inherent differences between these two components between the generic crowd and professionals may trigger them to generate creative solutions that vary in creativity.

A specialist task, such as designing nuclear plants, requires high specificity of the necessary domain knowledge and can limit the solution space for people to explore. Hence, this type of task may have a higher requirement for in-depth expertise but a lower requirement for new perspectives from tasksolvers. Meanwhile, a generalist task, such as designing a chair, requires a broader range of domain knowledge [START_REF] Hossain | Generating Ideas on Online Platforms: A Case Study of "My Starbucks Idea[END_REF][START_REF] Yu | Cooks or cobblers?: crowd creativity through combination[END_REF], and the solution space for people to explore is wider as well. Thus, this type of task may have a lower requirement for in-depth knowledge but a higher requirement for new perspectives from task-solvers.

Since domain-relevant skills and creativity-relevant processes are two important components of creativity, we argue the following: Generalist tasks require low levels of domain-relevant skills but high levels of creativity-relevant processes. The crowd members, compared to professionals, have a relatively lower expertise level, but the crowd may have sufficient knowledge in general to solve generalist tasks. At the same time, the crowd members can apply knowledge of their professions that is usually distant from the domain of the generalist tasks. Specialist tasks require high levels of domain-relevant skills but low levels of creativity-relevant processes, and professionals, compared to the crowd, have a much higher expertise level to solve specialist tasks. However, they often fixate on their expertise domain, which is usually very close or equal to the specialist tasks' domain [START_REF] Purcell | Design and other types of fixation[END_REF]. Table 2 describes how the two components of creativity contribute to the crowd's versus professionals' creativity performance difference when facing different tasks (as a result of the innate characteristics of generalist tasks versus specialist tasks). Therefore, we propose the following two hypotheses:

H1. The crowd is less creative than professionals in solving specialist tasks.

H2. The crowd is more creative than professionals in solving generalist tasks.

Next, we focus on the reasoning that leads to the inferior creativity performance by the crowd to solve specialist tasks that we mentioned above. There, we said that specialist tasks require high domainrelevant skills, but the genetic crowd, in general, is composed of novices in the assigned domain (see Table 2). Therefore, if members of the crowd can increase their knowledge level, perhaps this boundary can be broken. We thus focus on learning.

People acquire knowledge through education. Previous studies have examined different techniques for individuals receiving knowledge from other people, either via explicit formats (including texts, audios, and videos) or through implicit learning from mentors [START_REF] Morris | Affect and Creative Performance on Crowdsourcing Platforms[END_REF][START_REF] Yu | Intelligent Knowledge Beyond Data Mining: Influences of Habitual Domains[END_REF]. The explicit or implicit formats are the extended knowledge base for people to search distantly to acquire information. In general, crowdsourcing has evolved from the crowd addressing an open call without being influenced by other crowd members. For instance, on Wikipedia, members can edit the contributions of others. Many scholars have studied this new form of collective contributions to trace the emergence and evolution of overall creativity that accumulates on crowdsourcing sites [START_REF] Kyriakou | Knowledge Reuse for Customization: Metamodels in an Open Design Community for 3D Printing[END_REF]. Some researchers have studied how young people generate creative projects via interactions using the Scratch language [START_REF] Hill | The Remixing Dilemma: The Trade-Off Between Generativity and Originality[END_REF][START_REF] Resnick | Scratch[END_REF]. Other studies have discussed collective innovation in a 3D-printing design community [START_REF] Kyriakou | Knowledge Reuse for Customization: Metamodels in an Open Design Community for 3D Printing[END_REF].

We argue that when members of the crowd are under the influence of each other-such as being exposed to each other's ideas-they can treat each other's ideas as an extended knowledge base to search for knowledge relevant to the task. Knowledge sharing is a set of behaviors that involve the exchange of information or provision of assistance to others [START_REF] Janz | Understanding the Antecedents of Effective Knowledge Management: The Importance of a Knowledge-Centered Culture*[END_REF], and it occurs when individuals assist and learn from one another to develop new competencies [START_REF] Yang | The impact of knowledge sharing on organizational learning and effectiveness[END_REF]. Applied to the crowdsourcing setting, the interactions among members of the crowd can potentially enable them to search in each other's "exposed minds" for more relevant knowledge, therefore increasing the value in the domain-knowledge skills. In particular, by learning from each other in the crowd, although each individual may estimate the relevant knowledge for the specialist task, as a group, each estimate is an incremental move toward the required range of knowledge for the task. Therefore, with more exposure to crowd members' ideas, by searching the extended knowledge base built upon the collective intelligence, an individual can eventually understand the open call and suggest solutions that make sense.

Since learning from the crowd itself may not lead the members to become experts all at once, we only aim to explore how learning can improve the creativity of the crowd's solutions for specialist tasks where the crowd initially lacked knowledge. More specifically, we aim to reduce the knowledge difference between the crowd and professionals in solving specialist tasks. Specialist tasks require high domain-relevant skills, but low creativity-relevant processes-that is, the creativity of the crowd with exposure to each other's ideas-should be improved. Table 3 describes theoretically how one component of creativity-the domain knowledge-contributes to the creativity performance difference of the generic crowd being exposed to each other's ideas versus submitting ideas without such influence to solve specialist tasks. Therefore, we argue the following: H3. To solve specialist tasks, members of the crowd who are exposed to each other's ideas are more creative than members who submit ideas without such influence.

We conducted two studies, with each having an experiment to test the three hypotheses.

Methodology: Experiments

Study 1: Testing Hypotheses 1 and 2

Stimuli Construction and Data Collection

In this experiment, to measure a specialist task, we asked participants to provide creative solutions to create a cybersecurity channel. We assumed that people, in general, are unfamiliar with this task; thus, we designed the instructions for this task in a specific manner (see Table 4). We selected the task of creating an iPhone application to measure the generalist task. We assumed that all participants would have some experience using iPhones or, at least, smartphones. In addition, considering the nature of generalist tasks [START_REF] Clarkson | The Desire for Consumption Knowledge[END_REF], we designed the instructions for this task generically.

TABLE 4: STIMULI CONSTRUCTION IN STUDY 1

Task Type Specific Task Task Description

Specialist task

Cybersecurity idea creation A firm aims to provide secure real-time communication channels among different office branches-for example, against man-in-themiddle attacks. Please generate a creative idea to help this company.

Generalist task iPhone application idea creation

A firm wishes to develop an iPhone application. Please generate a creative idea to help this company.

We conducted a two-by-two experiment-that is, there were two types of tasks and two groups of idea generators. We defined the professionals for both tasks as individuals with doctoral degrees in the field of computer science1 . Holding a doctoral degree in a domain typically indicates that an individual is a professional in that field [START_REF] Wellington | A doctorate in a tight compartment': why do students choose a professional doctorate and what impact does it have on their personal and professional lives[END_REF]. Professionals in the subfields of cybersecurity and the design of iPhone applications separately participated in our study for the two tasks. To eliminate the confounding effect of the sampling process on data collection, we collected ideas from doctoral alumni of four different universities (three from the United States and one from Australia). We asked these universities to send our SurveyMonkey links (one for the specialist task and one for the generalist task) to their doctoral alumni in the field of computer science who had a professional background in cybersecurity or the design of iPhone applications. Each expert participant could respond to only one survey-that is, complete only one task. The instruction for clicking links was the same. To check for any sampling bias, we compared the professional samples and performed multiple t-tests on the variables, including respondents' demographics and the creativity of the generated ideas. The results indicate no significant differences, thereby suggesting there was no sampling bias.

We considered Mechanical Turk workers as the crowd, in which members had different backgrounds and were located worldwide. Numerous researchers have adopted Mechanical Turk for data collection [START_REF] Buhrmester | Amazon's Mechanical Turk: A New Source of Inexpensive, Yet High-Quality[END_REF][START_REF] Kittur | Crowdsourcing, collaboration and creativity. XRDS: Crossroads[END_REF]. Each crowd participant in these two idea generator groups was asked to come up with only one creative idea in response to the tasks described in Table 4. We kept the "HIT" (metadata of the task) instruction the same for the two tasks. The Mechanical Turk participants saw this instruction before reading the task instruction. For both tasks, in the HIT instruction, we stated, "Please provide a creative idea." We also stated that the payment for each completed task was 20 cents, which is the standard payment in Mechanical Turk. We posted two HITs simultaneously and repeated this idea collection three times with each HIT for both tasks.

Figure 1 records how we assigned tasks to the crowd versus professionals.

Note: the last layer of boxes represents the ideas generated in each condition.

FIGURE 1. CONDITION CONSTRUCTION IN STUDY 1

To check the sampling bias for the two crowds in both tasks, we also conducted t-tests on the variables, including demographics and the creativity of the generated ideas. The results indicate no significant difference. We collected a comparable sample size for professionals' solutions. This choice of the crowd's and professionals' sample sizes was consistent with Poetz and Schreier's (2012) research approach. In total, we collected 160 ideas: 30 ideas from professionals and 50 ideas from the crowd for the specialist task and 30 ideas from professionals and 50 ideas from the crowd for the generalist task. Table 5 summarizes the demographic characteristics of all participants.

For both professionals and crowds, we used the same task design and followed the same acceptance criteria to control for participants' attentiveness: 1) We reversed the scale of some of the questions and excluded submissions that have the same answer to each question; 2) we excluded submissions with an idea less than 100 words; and 3) we removed submissions with a task completion time less than 5 minutes. To verify our reasoning for the hypotheses that are based on 1) domain-relevant skills and 2) creativity-relevant processes that are specific to adopting new perspectives on problems, we conducted two pretests. First, in each task condition, we asked participants about their levels of knowledge of the task. To measure the levels of knowledge, we adopted the measurement scale of expertise that [START_REF] Ohanian | Construction and Validation of a Scale to Measure Celebrity Endorsers' Perceived Expertise, Trustworthiness, and Attractiveness[END_REF] developed (see Table 6). This measurement was performed after the participants completed the tasks because we did not want their awareness of their task domain knowledge to affect how they completed them. We conducted an analysis of variance with task type and idea generator group as factors and domain knowledge as the dependent variable. We also conducted two t-tests. These tests indicated that, in specialist tasks, professionals are more knowledgeable than the crowd (p < 0.001), and, in generalist tasks, crowd members are less knowledgeable than professionals, but this difference is not significant (p > 0.05). Figure 2 presents the results. Second, we present how we conducted a semantic analysis to examine the crowd's ideas versus professionals' ideas and to understand how they applied new perspectives. We do this to validate our reasoning for our hypotheses. We used the knowledge representation and similarity defined by the semantic analysis theories [START_REF] Landauer | A solution to Plato's problem: The latent semantic analysis theory of acquisition, induction, and representation of knowledge[END_REF]-that is, mathematically based theories of meaning [START_REF] Deerwester | Indexing by latent semantic analysis[END_REF]. Our goal was to determine the knowledge distance to the relevant task during idea generation to complete the task. We formulated knowledge distance detection in a generated idea for a particular task as a problem of finding the semantic similarity of the idea to the core concepts of the task definition. To that end, we aimed to measure the semantic distance from each generated idea to the task definition provided to the participants.

Semantic similarity models rely on studying word co-occurrence patterns. These models can be generated from the collection of documents being analyzed (corpus)-corpus-based models [START_REF] Blei | Probabilistic topic models[END_REF][START_REF] Landauer | LSA as a theory of meaning[END_REF]-by extracting the multi-dimensional word vector spaces generated from the documents being analyzed. However, these models require training with a large number of documents: The longer the documents are, the better they perform. Our documents (idea texts and task definitions) were relatively short and few, which meant that generating statistical models-such as a latent semantic analysis or latent Dirichlet allocation-would not be particularly useful. As such, we expanded our model using a knowledge-based approach. Knowledge-based approaches, as opposed to corpus-based approaches, rely on human-crafted explicit knowledge bases, such as WordNet [START_REF] Miller | WordNet: a lexical database for English[END_REF] or Wikipedia [START_REF] Gabrilovich | Computing semantic relatedness using Wikipedia-based explicit semantic analysis[END_REF]. Our model mapped task definitions to the relevant Wikipedia pages and used the semantic distance of the selected Wikipedia pages from the idea texts. This method was adopted from Genc ( 2014), who used Wikipedia to classify short and elliptic text into its topics.

For our analysis, we first extracted concepts from task definitions by matching the noun phrases (extracted from the definitions) with Wikipedia pages. That is, if a noun phrase in the task definition matched a Wikipedia page title, we considered this phrase to represent a concept of the task definition. Table 7 presents how the two task definitions and the concepts were mapped to each other.

TABLE 7: OPERATIONALIZATION

Task Definition Mapped Concepts

Provide secure real-time communication channels among different office branches-for example, against man-in-themiddle attacks "Real-time communication," "Man-in-the-middle attack," "Information security"

Develop an iPhone application "iPhone," "Software development," "Application software"

For each of the concepts in the task definitions, we created word-frequency distributions by counting the word occurrences in the associated Wikipedia page and removing stop words. For example, for the concept of "information security," we extracted the text from the "Information Security" page in Wikipedia and calculated the relative frequencies of non-stop words. The process yielded the following vector (only the top six words are presented):

Cinformation_security = < 0.042 * information, 0.031 * security, 0.013 * business, 0.012 * change, 0.010 * management, 0.008 * access, … > Similarly, we created relative word-frequency-distribution vectors for each of the ideas. Ideas were then considered to be a distribution over the definition concepts, Θ = (θj,k), such that element (j,k) represented the relevance of idea j to concept k of the task definition. By observing the wordfrequency vectors of both task definition concepts (W) and ideas (D), we could calculate the concept frequencies of ideas as follows:

Θ = tfidf(D) T tfidf(W),
where V = {v1, v2, … , vn} is the vocabulary of ideas in the idea collection; D = (di,j) is the idea wordfrequency matrix, where element (i,j) represents the frequency of term i (i ∈ V) in idea j; and W = (wi,k) is the concept word-frequency matrix, where element (i,k) represents the frequency of term i (i ∈ V) in concept k. To address the noise from commonly used words across all documents and Wikipedia pages, we applied a term frequency-inverse document frequency (tfidf) transformation to D and W.

The semantic distance of idea j from the task definition was then expressed as follows:

( , ) = 1 - ( , ) = 1 -
We conducted two independent-sample tests to compare the knowledge that the crowd versus professionals used to solve a specialist task versus a generalist task. The t-tests showed that, for the specialist task, the crowd applied a significantly greater degree of knowledge distance than professionals (0.74 versus 0.55, p < 0.001). However, the crowd applied a greater degree of knowledge distance than professionals for the generalist task. Still, this difference is not significant (0.74 versus 0.73, p > 0.1). Figure 3 demonstrates the same pattern of results. These two pretests' results support our reasoning for our hypotheses.

FIGURE 3: KNOWLEDGE DISTANCE BY GROUP AND TASK

Idea Creativity Evaluation and Main Results

To measure the creativity of the crowd versus professionals, following the literature, we used the practicality and novelty dimensions of the solutions that the two groups of people generated [START_REF] Brem | Creativity and Innovation: State of The Art and Future Perspectives for Research[END_REF][START_REF] London | Creativity and Information Systems: A Theoretical and Empirical Investigation of Creativity in IS[END_REF]. Specifically, London (2019) called creativity "the production of novel and useful solutions." [START_REF] Brem | Creativity and Innovation: State of The Art and Future Perspectives for Research[END_REF], in their review of creativity, stated that creativity has multiple dimensions, and most of the research agreed on the dimensions of newness and usefulness.

To test the hypotheses, we first ran a two-way analysis of covariance (ANCOVA) as age is a continuous control variable. We also reported interaction plots. In these tests and plots, we can see the direction (positive, negative, or neutral) of the effects on the dependent variables. To test H1 and H2, and to compare the crowd with professionals in their creativity performance for the specialist task versus the generalist task, we repeated the ANCOVA with the dependent variables of idea novelty and idea practicality and the factors of the idea generator binary variable (where 1 indicated professionals, and 0 indicated the crowd) and the task-type binary variable (where 1 indicated the specialist task, and 0 indicated the generalist task). Tables 8 and9 demonstrate that the interaction term of idea generator and task type is significant (p < 0.05; p < 0.001). This suggests a moderating effect of task type on the creativity levels of professionals and the crowd.

We also conducted multiple independent-sample t-tests and generated interaction plots on both dimensions of creativity: novelty and practicality (Figures 4 and5). These tests showed that professionals' ideas were more practical compared with those of the crowd for the specialist task (3.98 versus 3.08, p < 0.001). Professionals' ideas were slightly more novel compared with those of the crowd for the specialist task but not significantly more novel (2.69 versus 2.45, p > 0.1). These results partially support H1. However, for the generalist task as the baseline, the ideas of the crowd were more novel and practical compared with those of the professionals (2.63 versus 3.09, p < 0.05; 3.9 versus 4.45, p < 0.1). Therefore, H2 is supported. Note: ns not significant, *** p < 0.001. Note: For the idea generator group, professionals were coded as 1 and the crowd as 0; for task type, specialist task was coded as 1 and generalist task as 0; for gender, male was coded as 1 and female as 0. Note: ns not significant, * p < 0.05, *** p < 0.001. Note: For the idea generator group, professionals were coded as 1 and the crowd as 0; for task type, specialist task was coded as 1 and generalist task as 0; for gender, male was coded as 1 and female as 0.

Note: Error bars represent standard errors. 

Study 2: Testing Hypothesis 3 Stimuli Construction

We used the cybersecurity task in Table 4 in Study 1 to measure the specialist task again in Study 2. We again used Mechanical Turk users to measure the crowd. We conducted Study 2 in parallel with Study 1 and followed the same control process for participants' attentiveness. We organized these users in three rounds to measure the crowd that was exposed to one another's ideas. Specifically, in the first round, we asked one crowd of 50 Mechanical Turk users to independently generate one idea addressing the specialist task. When all responses had been collected from this group of crowd members in the first round, we randomly presented three responses to each group of crowd members to act as a starting point of reference. Specifically, we provided the following instructions: "Three fellow MTurkers have submitted the following three ideas, respectively, to help this company." We then asked the latter group of members to generate a creative idea to help the company. For two more rounds, we repeated the process of requesting ideas from crowd members. Each crowd member participated only once by providing one proposal. We asked participants about their levels of knowledge of the topic by applying the measurement scale of expertise that [START_REF] Ohanian | Construction and Validation of a Scale to Measure Celebrity Endorsers' Perceived Expertise, Trustworthiness, and Attractiveness[END_REF] developed (see Table 6). This was undertaken after the participants had completed the tasks. We also stated that the payment for each completed task was 20 cents, which is the standard payment in Mechanical Turk. Figure 6 records how we exposed ideas to crowd members via two rounds compared with asking the crowd to submit ideas without such exposure.

FIGURE 6. CONDITION CONSTRUCTION IN STUDY 2

Table 10 lists the demographics of the Mechanical Turk participants. 

Idea Evaluation

We focused on the ideas generated in the third round [START_REF] Ren | Increasing the crowd's capacity to create: how alternative generation affects the diversity, relevance and effectiveness of generated ads[END_REF]. Three experts evaluated each of the 50 ideas (PhDs in the field of computer science-the same experts from Study 1). The experts who conducted the evaluations were unaware of the source of each idea. The participants evaluated the ideas according to the novelty and practicality dimensions of creativity-the same as in Study 1.

For analysis, we averaged the ratings from experts to address the condition in which the participants were asked to answer the cybersecurity open call.

To validate our reasoning for H3, we also conducted a pretest. Through the application of independent-sample t-tests, the results confirm the learning effect of idea building in the crowd. With regard to the specialist task, as the process of priming other crowd members with ideas proceeded from Rounds 1 to 3, the crowd members' knowledge levels increased significantly (p < 0.001) as shown in Figure 7. Interestingly, professionals' knowledge (from Study 1) was still higher than that of the crowd from Round 3 (p < 0.001). However, the knowledge of the crowd that was exposed to one another's ideas from Round 3 was significantly higher than the knowledge of the crowd that lacked such an influence in Study 1 (p < 0.001). Therefore, our reasoning for H3 is validated.

Note: CWI R1 = crowd with influence, Round 1; CWI R3 = crowd with influence, Round 3. Error bars represent standard errors.

FIGURE 7: KNOWLEDGE LEVEL COMPARISON BETWEEN GROUPS TO SOLVE THE SPECIALIST TASK

Main Results

Moreover, H3 is also supported. We conducted multiple independent-sample t-tests to compare the creativity performance of the ideas of professionals (in Study 1), the ideas of the crowd (in Study 1), and the ideas of the crowd that was exposed to one another's ideas (third round in Study 2-see Figure 8). Figure 8 shows that the ideas of the crowd whom others influenced were more novel and practical than those of the crowd that lacked such an influence (2.83 versus 2.45, p < 0.05; 3.56 versus 3.08, p < 0.05). However, the ideas of the crowd whom others influenced surpassed professionals' ideas in terms of novelty, but the difference was not significant (2.83 versus 2.69, p > 0.1). However, professionals' ideas were more practical than those of the crowd whom others influenced (3.98 versus 3.56, p < 0.1). 

Discussion

This work focuses on the creativity application of crowdsourcing. Unlike the literature exploring the benefits of crowdsourcing in the creativity domain, this study is among the first attempts to systematically and theoretically explore the capacity of the crowd to create by comparing the crowd's creativity with professionals'. In addition, we explore how to improve the crowd's capacity to create by exposing the crowd's ideas to its members and by fostering learning domain knowledge for the relevant task. Specifically, we find that when it comes to solving generalist tasks, the crowd is more creative than professionals, whereas when it comes to solving specialist tasks, the crowd is less creative than professionals, thereby suggesting a boundary with crowdsourcing. However, we also find that, by solving specialist tasks, crowd members can gain relevant knowledge as a result of being exposed to one another's ideas, thereby suggesting an attempt to break through the boundary.

Implications for Research

Our study makes several significant contributions to the literature. First, it complements the literature promoting the benefits of the crowd: The crowd not only has the advantage of being large scale and diverse but also helps organizations retain distant searches at a low cost [START_REF] Afuah | Crowdsourcing As a Solution to Distant Search[END_REF][START_REF] Chiu | What can crowdsourcing do for decision support?[END_REF]Ann Majchrzak, Faraj, Kane, & Azad, 2013). However, the crowd cannot do everything, especially with such benchmarks as professional-level creativity. To our best knowledge, only anecdotal evidence targets one task at a time to understand whether the crowd performs more creatively than professionals. Our study, in contrast, leverages a prominent theory on individual creativity to explain the creativity comparison between the crowd and professionals. We show that the capacities of the crowd and professionals to create depend on the task type-that is, specialist versus generalist tasks.

Second, our paper contributes to the literature on how to increase the crowd's capacity to create. Many studies have identified important organizational and incentive structures that can improve the crowd's creative capacity [START_REF] Boudreau | Incentives and Problem Uncertainty in Innovation Contests: An Empirical Analysis[END_REF][START_REF] Lakhani | Prize-based contests can provide solutions to computational biology problems[END_REF]. Meanwhile, our study uses the componential theory of creativity [START_REF] Amabile | Componential theory of creativity: Harvard Business School[END_REF], especially the first componentdomain knowledge-to explain that learning can help increase the crowd's capacity to create. Specifically, this study suggests a way for crowd members to foster learning when they do not initially have the necessary knowledge for the specialist task. By doing so, they can search one another's "exposed minds" via examining their generated ideas to increase their knowledge levels relevant to the task. Once members of the crowd gain relevant knowledge, the inherently diverse nature of crowds can lead to higher creativity. Our findings indicate that if the crowd members lack the knowledge needed to perform a creativity task (a specialist task), they can learn from the ideas of other members. However, although their ideas may be as creative as the ideas of professionals, their knowledge levels are still lower than those of professionals on the topic (Figure 7, p < 0.001). Thus, arguably, if we can create an environment in which the crowd members can increase their learning, their outcomes could be even more creative. Along these lines, our paper contributes to the platforms of crowdsourcing for innovation, especially platforms that foster learning among members of the crowd [START_REF] Kyriakou | Knowledge Reuse for Customization: Metamodels in an Open Design Community for 3D Printing[END_REF][START_REF] Malone | Putting the Pieces Back Together Again[END_REF][START_REF] Resnick | Scratch[END_REF]. Our study suggests that the interaction among crowd members can foster learning among its members to increase the crowd's collective creativity.

Third, we identified that the principal reason for the crowd's creativity is not just the diversity of backgrounds as the literature argued [START_REF] Blohm | Crowdsourcing: how to benefit from (too) many great ideas[END_REF][START_REF] Chiu | What can crowdsourcing do for decision support?[END_REF][START_REF] Zhao | Evaluation on crowdsourcing research: Current status and future direction[END_REF]. It is also because crowd members possess knowledge relevant to the open call. Our study tests the commonly held assumption that members of the crowd can match their knowledge base with a task's requirements [START_REF] Afuah | Crowdsourcing As a Solution to Distant Search[END_REF]. It revealed that if this assumption is not met, the crowd's diversity of backgrounds cannot function, and the crowd will be less practical than professionals. This suggests the boundary that exists with crowdsourcing. In general, it is likely that this assumption will not be met because many crowd members-particularly those in crowdsourcing marketplaces that have thousands of tasks available-may manipulate the system and select tasks based on cues in the task description, or based on monetary rewards [START_REF] Downs | Are your participants gaming the system?[END_REF]. This can lead to mismatches between the crowd's knowledge and the knowledge that the task requires, which can cause the requester to have to exert a considerable amount of effort to filter out a few high-quality solutions from many low-quality solutions [START_REF] Ren | Exploring the Process of Web-based Crowdsourcing Innovation[END_REF][START_REF] Ren | Increasing the crowd's capacity to create: how alternative generation affects the diversity, relevance and effectiveness of generated ads[END_REF]. The investigation presented in this paper reveals the importance of finding a crowd whose knowledge base matches the knowledge that the task requires.

Fourth, our paper contributes to the literature on how tasks affect creativity in general and the crowd's creativity in particular. The literature (e.g., [START_REF] Füller | User Roles and Contributions in Innovation-Contest Communities[END_REF][START_REF] Zheng | Task Design, Motivation, and Participation in Crowdsourcing Contests[END_REF]) explored how task attributes, which are autonomy, variety, tacitness, analyzability, and variability, affect the crowd's contribution of creative ideas by affecting their motivations. Our study uses tasks-generalist versus specialist tasks-to trigger the crowd's versus professionals' two components of creativity, which are domain knowledge and the creativity process. We argue that specialist tasks require a high specificity of the necessary domain knowledge and can limit the solution space for people to explore diverse perspectives. Therefore, when facing this type of task, professionals may mainly apply their expertise, whereas the crowd members, due to their lack of domain knowledge, may mainly apply divergent thinking. Generalist tasks, however, require a broader range of domain knowledge [START_REF] Hossain | Generating Ideas on Online Platforms: A Case Study of "My Starbucks Idea[END_REF][START_REF] Yu | Cooks or cobblers?: crowd creativity through combination[END_REF], and the solution space for people to explore diverse perspectives is wider as well. Because both professionals and the crowd have sufficient domain knowledge for generalist tasks, their different tendencies for divergent thinking may contribute to differences in creative performance.

Fifth, this study is among the first attempts to compare retrospectively how the crowd versus professionals use their knowledge to answer open calls for creativity. This novel measure can be applied to other settings in which knowledge is used and ideas are generated. In particular, we employed the average of the semantic distance between the concepts in the task definition and the generated ideas to measure the distance of knowledge from the task. Our results demonstrated that professionals are more likely than the crowd to fixate on the task definition, and they are subsequently less likely to use distant knowledge.

Implications for Practice

Our findings have significant practical implications. First, our findings suggest that practitioners can design information systems that increase the chance of matching the crowd's knowledge with the task requirements. An example is a social network system that bridges the gap between crowd members [START_REF] Bechter | From Wisdom of the Crowd to Crowdfunding[END_REF]. For example, a recommendation system can be created to match crowd members with tasks based on the text analysis of a crowd member's background and completed task history, as well as the requirements for a task. Practitioners can also encourage user-generated tagging to identify the domain of a task, which may help a crowd member identify tasks that match his or her knowledge domain.

Second, our study suggests that system designers need to consider increasing the interaction among crowd members to foster learning. One example is using Climate CoLab to nurture a community to collectively curate the crowd's wisdom regarding a specialist task so as to solve a sophisticated problem (climate change) [START_REF] Introne | The Climate CoLab: Large scale model-based collaborative planning[END_REF][START_REF] Malone | Putting the Pieces Back Together Again[END_REF]. Practitioners also need to devote close attention to designing information systems that provide descriptions of the related knowledge to the crowd so that the crowd can learn and gain new knowledge that is relevant to the task.

In particular, practitioners may include professionals who interact on the platform to ensure that the crowd learns specialist tasks for the following reasons. The crowd may be unfamiliar with the R&D details that play a role in the eventual production of the product. Thus, the crowd members' organic interactions may reach a limit with the knowledge capacity they obtain from one another. One way in which to avoid this restriction is to include inputs from professionals in crowd deliberations. This artificial intervention may help accelerate learning in general and could provide specific knowledge details that the crowd otherwise would not encounter [START_REF] Nonaka | The Concept of "Ba": Building a Foundation for Knowledge Creation[END_REF]. This is consistent with the SECI model (Socialization, Externalization, Combination, and Internalization) that [START_REF] Nonaka | The knowledge-creating company: How Japanese companies create the dynamics of innovation[END_REF] devised. Perhaps an intervention using a learning tool could also increase the crowd's generated knowledge [START_REF] Nonaka | The Concept of "Ba": Building a Foundation for Knowledge Creation[END_REF].

Third, our findings suggest that practitioners should carefully select the tasks to be crowdsourced. Our findings show that specialist tasks should be solved through sourcing the firm's expertise. If the firm needs to outsource the task to the crowd, it needs to train the crowd to acquire relevant knowledgefor example, via the information systems suggested earlier. They could also divide a task into various sub-tasks based on the knowledge domain or expertise level, which could reduce the difficulty level of matching a task with a suitable crowd member. Table 11 summarizes the implications of our study for research and practice.

TABLE 11: SUMMARY OF IMPLICATIONS FOR RESEARCH AND PRACTICE

Implications for research

By leveraging the componential theory of creativity, we show that the crowd and professionals' capacities to create depend on the task type.

We explicate that learning can increase the crowd's capacity to create and suggest a way for crowd members to foster learning when they do not initially have the necessary knowledge for the specialist task.

We test the commonly held assumption that members of the crowd can match their knowledge base with a task's requirements. We demonstrate that if this assumption is not met, the crowd's diversity of backgrounds cannot function, and the crowd will be less practical than professionals. This suggests the boundary that exists with crowdsourcing.

We argue that specialist tasks require a high specificity of the necessary domain knowledge and limit the solution space for people to explore diverse perspectives. When facing this type of task, professionals may mainly apply their expertise, whereas the crowd members, due to their lack of domain knowledge, may mainly apply divergent thinking. However, generalist tasks require a broader range of domain knowledge, and the solution space for people to explore for diverse perspectives is also more extensive.

Our study is among the first attempts to compare retrospectively how the crowd versus professionals use their knowledge to answer open calls for creativity.

Implications for practice

Practitioners should design information systems that increase the chance of matching the crowd's knowledge with the task requirements. Practitioners can also encourage user-generated tagging to identify a task's domain, which may help a crowd member identify tasks that match his or her knowledge domain.

System designers need to consider increasing the interaction among crowd members to foster learning. They also need to devote close attention to designing information systems that provide descriptions of the related knowledge to the crowd so that the crowd can learn and gain new knowledge relevant to the task.

Practitioners should carefully select the tasks to be crowdsourced. Specialist tasks should be solved by sourcing the firm's expertise. If the firm needs to outsource the task to the crowd, it needs to train the crowd to acquire relevant knowledge. Dividing a task into various sub-tasks based on the knowledge domain or expertise level can reduce the difficulty of matching a

Limitations and Future Research

When it comes to assessing this study's contributions, it is important to examine the limitations, which also offer opportunities for future research. First, we captured limited dimensions of the demographic information for our study subjects, such as age, gender, education, and so on. Even though we performed t-tests on the collected demographics and identified no significant sampling bias, we were not able to examine other demographic dimensions that were not captured in our study, such as income and socio-economic status. It is possible that these uncaptured dimensions might be unbalanced among various idea generator groups, which would influence a person's usage of knowledge in creativity generation. However, considering the sample size and the unbiased sample of the collected demographic information, this possibility is relatively low. Future studies could examine the impact of these uncaptured demographics.

Second, although we conducted two experiments to observe the causality between variables, the research setting was inherently artificial. Thus, future research could replicate our study in a realworld setting. However, studying the phenomena revealed in our study in a real-world setting could be difficult, as companies might focus on only one or two products or services for crowdsourcing, which could impair the study's generalizability.

Third, we discussed the knowledge that both groups used; however, creativity is a complex process [START_REF] Woodman | Toward a Theory of Organizational Creativity[END_REF] and may involve more factors. For example, creativity might involve the ability to break down complexity [START_REF] Campbell | Task Complexity: A Review and Analysis[END_REF]. However, this new dimension is challenging to study via semantic analysis or self-reported surveys. Future research could study this new dimension by introducing a series of experiments.

Fourth, for the first step to study the boundary of crowdsourcing, we focused on a generic crowd that was not specific to any domain knowledge. However, a crowd can also refer to an expert crowd [START_REF] Bozzon | Choosing the right crowd[END_REF]. Expert crowd members may have acquired knowledge via their professions or via pursuing hobbies and may use crowdsourcing websites as freelancers to earn extra money. An example is Upwork, where crowd members showcase their design portfolios. Here, the specification of tasks is central to helping the crowd members understand the tasks and the firm context. In the case of an expert crowd, outsider expert crowd members may possess only explicit knowledge related to what the firm wants, yet lack any tacit knowledge that can be acquired by immersing themselves in the company. Future research could compare the generic crowd's creativity performance with that of the expert crowd and insider professionals.

Conclusion

Crowdsourcing-the collective intelligence of a large number of contributors outside of the firm's boundaries-is key to increasing the likelihood of achieving high-quality ideas with exceptional business potential. Drawing on the componential theory of creativity, we explored the boundary of crowdsourcing in the domain of creativity and examined the creativity of the crowd and professionals for specialist tasks versus generalist tasks.

Our findings indicate that a boundary exists when crowd members solve specialist tasks for which they lack the domain knowledge needed to understand the context, and their high diversity of backgrounds in this situation can hurt their creativity and especially their practicality. As a result, professionals perform more practically than the crowd does when it comes to solving specialist tasks.

Our study also reveals how to increase the crowd's capacity to create to solve specialist tasks. When crowd members are exposed to one another's ideas, their high diversity of backgrounds can help them gain relevant knowledge and eventually improve both their novelty and their practicality.

This study represents an early attempt at understanding the boundary of crowdsourcing in the domain of creativity, as well as an attempt at providing a solution to this boundary, enabled by learning. The aim of this study was to thereby advance the crowdsourcing literature. The results also provide instrumental insights for managers to foster learning. We hope that this work inspires future attempts at a more elaborate and comprehensive understanding of such capability-building phenomena.
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TABLE 2 : THEORETICAL ARGUMENT FOR H1 AND H2
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			Specialist Tasks (H1)	Generalist Tasks (H2)
			The crowd	Professionals	The crowd	Professionals
		Domain knowledge	Low	High	High	High
	Two Components					
	of Creativity	Creativity process (divergent thinking)	Medium	Medium	High	Medium
	Creativity performance	Medium	Low	High	High

TABLE 3 : THEORETICAL ARGUMENT FOR H3
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	Specialist Tasks (H3)
	The crowd being exposed to each	The crowd submitting ideas
	other's ideas	without such influence

TABLE 5 : SUMMARY OF PARTICIPANTS' DEMOGRAPHICS
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				Conditions	
			Professionals &	Professionals &	Crowd &	Crowd &
			Specialist Task	Generalist Task	Specialist Task	Generalist Task
	Gender	Male	22	21	24	20
		Female	8	9	26	30
	Age	Average age	31.77	31.53	31.62	31.34
	Education	High school or below	0	0	13	11
		Bachelor's degree	0	0	27	26
		Master's degree	0	0	10	13
		PhD	30	30	0	0
	Professional	Computer science	30	30	0	0
	background	Business			6	5
		Psychology			4	3
		Biology			0	4
		Electrical engineering			2	2
		English			2	1
		Others			36	35
	Pretest 1: Domain-Relevant Skills				

TABLE 6 : MEASUREMENT OF PARTICIPANTS' LEVELS OF KNOWLEDGE
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	Item	Question
	Expertise	How much do you consider yourself to be an expert in the domain of the displayed topic?
	Experience	How experienced are you in the domain of the displayed topic?
	Knowledge	How knowledgeable are you in the domain of the displayed topic?
	Qualifications	How qualified are you in the domain of the displayed topic?

Skill

How skilled are you in the domain of the displayed topic?

Familiarity

How familiar are you with the displayed topic? FIGURE 2: SELF-REPORTED DOMAIN KNOWLEDGE BY GROUP AND TASK Pretest 2: Creativity-Relevant Processes

TABLE 8 : IDEA NOVELTY BY GROUP AND TASK
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		0.8	
	Average Knowledge Distance	0.2 0.4 0.6	Group Crowd Professionals
		0.0	
		Generalist Task Specialist Task	

TABLE 9 : IDEA PRACTICALITY BY GROUP AND TASK
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	DV: Idea Practicality	Sum of Squares	df	Mean Square	F Value	Sig.
	Idea generator group	1.26	1	1.257	1.015	ns
	Task type	27.46	1	27.460	22.167	***
	Idea generator group *task	19.74	1	19.743	15.937	***
	type					
	Gender	0.61	1	0.615	0.496	ns
	Age	5.29	1	5.291	4.271	*
	Residuals	188.30	152	1.239		

TABLE 10 : SUMMARY OF PARTICIPANTS' DEMOGRAPHICS
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		Conditions	
	Round 1	Round 2	Round 3

Professionals for the generalist task could include people from the field of computer science, as well as people from other fields, such as design and marketing. We selected professionals from computer science because we wished to control for the confounding effect of discipline on the quality of generated ideas for the generalist and specialist tasks.

Implications for research

task with a suitable crowd member.