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WORK SMARTER, NOT HARDER: UNDERSTANDING AND LEVERAGING 

INDIVIDUAL AND COLLECTIVE INTELLIGENCE IN VIRTUAL GROUPS 

 

ABSTRACT 

Organizations increasingly use information and communication technologies to enable 

virtual group work, yet the performance of virtual groups varies widely based on several 

different factors, and it is unknown how the intelligence of groups or group members affects 

group performance. Are some virtual groups smarter than others? Can organizations create 

successful virtual groups by selecting the brightest individuals as group members? How can 

technology aid in making groups perform more intelligently? The answers to such questions are 

important in helping organizations create virtual groups and enhance virtual group work. This 

research addresses two issues of intelligence at the group level, i.e., the effect of individual 

intelligence on group performance, and the emergence of collective intelligence—the measurable 

ability of a group as a whole to perform consistently well across tasks. Specifically, this two-

study dissertation uses coordination theory and media synchronicity theory to (1) theoretically 

and empirically examine the conditions under which individual and collective intelligence lead to 

virtual group performance, and (2) propose a technology-based technique that should allow 

groups to better leverage individual intelligence and work more consistently across tasks.  
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CHAPTER 1: INTRODUCTION 

Organizations increasingly use information and communication technologies to enable 

virtual group work (Chudoba et al. 2005; Montoya, Massey, & Lockwood 2011). Reports from 

industry indicate that a majority of senior business leaders find it important to employ people 

who will be successful at participating in and leading virtual groups, yet few of these leaders are 

confident that their organizations have the necessary skills to create and enable such successful 

virtual groups (American Management Association 2012; Citrix 2014). 

Groups using computer-mediated communication (CMC) have members that are 

separated spatially and sometimes even temporally. These barriers add cognitive challenges in 

addition to those faced by groups working face-to-face (Cramton 2001). CMC has distinct 

properties as compared to face-to-face discourse, including different levels of interaction, 

organization, and language use (Abbasi & Chen 2008), and such complexities complicate the 

study of the dynamics in groups working virtually. While information systems scholars have 

studied virtual groups for many years, several questions remain. Are some virtual groups better 

performers than others across tasks (i.e., more intelligent than other groups)? What potential 

factors might enable groups to perform well across different types of tasks? Can organizations 

create successful virtual groups by selecting the brightest individuals to participate? How can 

technology aid in making groups perform more intelligently? The answers to such questions are 

important in helping organizations create virtual groups and enhance virtual group work. 

Individual intelligence has been well-researched for over one hundred years (e.g., 

Spearman 1904), yet we still have little understanding of the intelligence of groups (Deary 2012). 

Specifically, there are two issues related to the intelligence of groups that, when addressed, could 

inform understanding in both theory and practice for improving the success of virtual groups. 
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The first issue I address concerns whether virtual groups, like individuals, have a 

measurable level of intelligence. Groups are increasingly seen as information processing units in 

similar ways that individuals process information (Hinsz, Tindale, & Vollrath 1997). Woolley et 

al. (2010) found that groups working face-to-face have a certain level of collective intelligence, 

defined as the ability of a group to perform consistently well across multiple types of tasks, much 

like individual intelligence measures cognitive ability by measuring performance on a variety of 

individual cognitive tasks. In practice, organizations often use groups to complete projects or 

work that consists of many different types of sub-tasks. For example, virtual group work could 

be used in software development projects, business task forces, or other complex projects that 

involve several types of activities, such as project planning, brainstorming solutions, making 

decisions, negotiating resources, etc. Previous experimental research on groups, both face-to-face 

and virtual, often focuses on one type of task and only measures performance on one type of 

task, yet research is needed to understand the performance of groups across tasks and the factors 

that could improve across-task performance (i.e., collective intelligence), particularly in virtual 

settings. 

Initial research on collective intelligence indicates that face-to-face groups that perform 

well on one type of task seem to perform (generally) well on other types of tasks (Woolley et al. 

2010). In these studies, collective intelligence was predictive of group performance on a 

separate, complex group task (like the correlation between individual intelligence and individual 

performance). 

Groups are more than aggregations of individuals. The performance of a group across 

many types of tasks may be a function of individual, group, and/or process characteristics 

(Sarker & Valacich 2010). The collective intelligence factor found by Woolley et al. (2010) is 
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correlated with group members’ social sensitivity, a measure of how well individuals can 

understand the emotions and feelings of others based on visual cues (Baron-Cohen et al. 2001; 

Woolley et al. 2010). It is measured by having participants look at photographs of individuals’ 

eyes and identify the emotion expressed (Baron-Cohen et al. 2001; Bender et al. 2012; Kress & 

Schar 2012). Thus, a collective intelligence factor may not emerge when groups use CMC with 

no visual cues. In other words, the collective intelligence of a group can only be developed under 

certain circumstances; some groups may be more “intelligent” (i.e., consistently high 

performing) than others, but only when conditions are right. No prior research has examined 

collective intelligence in virtual groups, nor ways to use technology to promote collective 

intelligence. 

The second issue I address concerns whether the selection of individually intelligent 

group members contributes to the success of virtual groups. In other words, while the first issue 

concerns the intelligence of a virtual group as its own entity (which may or may not be 

correlated with the aggregation of individual intelligence), the second issue concerns the effects 

of individual group member intelligence on virtual group performance. Empirical findings on the 

effects of intelligence on group performance are mixed, with little explanation for disparate 

results (Devine & Philips 2001). Devine and Philips (2001) reviewed several studies 

investigating individual intelligence and group performance, and proposed that the effects of 

individual intelligence on group performance depend on the type of task being performed, with 

intelligence making a larger difference in some tasks than in others. However, no research has 

empirically tested and compared the effects of intelligence across a range of tasks, particularly 

considering the dynamics of virtual groups. Further, the Devine and Philips (2001) article 
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provided no theoretical arguments for the reason intelligence matters for some tasks but not 

others.  

In regards to virtual groups, one study investigates the effects of individual intelligence 

on group performance, finding a significant relationship (Valacich et al. 2006), but the context 

was limited to brainstorming tasks. Performance on other types of tasks may not be as strongly 

affected by individual traits, so it is also important to examine potential ways to use technology 

to enable groups to benefit from the individual intelligence of their members. 

This research aims to theoretically and empirically answer the following research 

questions:  

(1) While some groups working face-to-face seem to be more collectively intelligent than 

others, does the same effect exist for virtual groups with limited visual cues?  

(2) For which types of tasks does individual intelligence lead to virtual group 

performance?  

(3) Can virtual group work, when facilitated by the right technology, be enhanced to 

make the effects of intelligence on group performance stronger regardless of task, 

leading to more consistent group performance (i.e., collective intelligence)? 

The first two research questions are the focus of Study 1. In this study, I use coordination 

theory (Malone & Crowston 1990, 1994) to examine (1) why collective intelligence may not 

exist for groups using CMC and (2) why the effects of individual intelligence on virtual group 

performance differ by task type. I test my hypotheses through a lab experiment with individuals 

and virtual groups performing various tasks. Study 2 examines the third research question. Using 

coordination theory and media synchronicity theory (Dennis, Fuller, & Valacich 2008), along 

with other prior research and the theory and results of Study 1, I propose and test a technology-
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based task-structuring technique, the Group Coordination Structuring technique, that should help 

groups leverage the intelligence of group members and become more collectively intelligent. 

While previous group research usually focuses on one task at a time, this research will 

help organizations know under what conditions groups with intelligent group members will 

perform better across tasks. More importantly, this research will inform organizations how to use 

technology to structure tasks in order to better leverage the intelligence of group members and 

facilitate the collective intelligence of groups. 

In addition to these practical benefits, the results of this research should make several 

contributions to research on group performance. First, this research tests the existence of a 

collective intelligence factor in groups working virtually, while previous research on collective 

intelligence has only considered face-to-face groups where visual cues are more prevalent. 

Second, we gain a more thorough theoretical understanding of the effects of individual 

intelligence on group performance, particularly when considering task type. Third, this research 

is the first to empirically test the effects of individual intelligence on groups using CMC for 

different types of tasks. Finally, based on these results, this research proposes a technology-based 

method for virtual groups to use in order to better leverage the effects of intelligence across any 

type of task to improve collective intelligence.  
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CHAPTER 2: EFFECTS OF INDIVIDUAL INTELLIGENCE EXPLAIN LACK OF 

INHERENT COLLECTIVE INTELLIGENCE IN VIRTUAL WORK (STUDY 1) 

Prior Research and Theory 

What is intelligence? The concept stems from the oft-observed phenomenon that 

individuals, and sometimes groups, who perform well on one type of task tend to also perform 

well on other types of tasks (Deary 2000). Individual intelligence, then, is the measure of 

consistent performance across a variety of tasks, and is often referred to as cognitive ability 

(Deary 2000).  

Research on individual intelligence has been conducted for over 100 years (e.g., 

Spearman 1904), but more recently, researchers have examined intelligence at the group level—a 

concept referred to as “collective intelligence” (Deary 2012; Woolley et al. 2010)—and 

attempted to better understand how the collective intelligence of a group is (or is not) related to 

the aggregated individual intelligence of members of a group. 

Like individual intelligence, collective intelligence is the ability to perform well across a 

variety of tasks involving cognitive skills, the difference being that collective intelligence is 

measured at the group level. While the concept of individual intelligence has been tested and 

observed in hundreds of research studies, research on collective intelligence is still relatively 

new, with no prior research examining whether a single collective intelligence factor even exists 

in groups working virtually. The collective intelligence factor found by Woolley et al. (2010) is 

correlated with social sensitivity, a measure of how well individuals can understand the emotions 

and feelings of others based on visual cues (Baron-Cohen et al. 2001; Woolley et al. 2010). It is 

measured by having participants look at photographs of individuals’ eyes and identify the 

emotion expressed (Baron-Cohen et al. 2001; Bender et al. 2012; Kress & Schar 2012). Thus, a 

collective intelligence factor should not emerge when groups use CMC with no visual cues; if a 
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collective intelligence factor does exist for such virtual groups, it is likely different from the 

collective intelligence of face-to-face groups. Social sensitivity could be considered a component 

of emotional intelligence, a broader construct measuring the ability of a person to understand his 

or her own emotions, as well as the emotions of others. Emotional intelligence could play a role 

in computer-mediated work; however, the social sensitivity construct specifically focuses only 

on interpreting the visual emotional cues of others, something not always present in virtual 

groups. 

Research in information systems and related fields has considered various constructs 

related to group cognition and group performance. These include transactive memory systems 

(Choi, Lee, & Yoo 2010; Lewis & Herndon 2011; Ren & Argote 2011), collaboration know-how 

(Majchrzak, Malhotra, & John 2005), distributed cognition (Boland, Tenkasi, & Te'eni 1994; 

Hollan, Hutchins, & Kirsh 2000), group memory (Wittenbaum 2003), collective mindfulness 

(Weick, Sutcliffe, & Obstfeld 1999), and team mental models (Resick et al. 2010; Thomas & 

Bostrom 2007). 

However, none of these studies have examined the intelligence of a group in terms of the 

ability to perform well consistently across conditions such as media and task. Such conditions 

play a key role in group performance (Dennis et al. 2008; Dennis, Wixom, & Vandenberg 2001), 

yet these group constructs (and most research on group performance) only consider group 

performance within a given media or task. In contrast, research on collective intelligence 

considers whether or how groups can perform consistently across these conditions, considering 

that many group projects include the completion of several differing types of sub-tasks, 

sometimes using different media to complete them. While the previously studied constructs 

listed above may be correlated with the intelligence of a group, or contribute to a group’s 
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collective intelligence, the conceptualization of collective intelligence is fundamentally different 

from these constructs, which do not focus on consistently high performance across different 

tasks. Much like creativity is a trait that is useful in brainstorming, but not necessarily decision 

making, these previously proposed group-level cognitive constructs have been shown to be 

predictors of performance for some types of tasks, but not across a range of task types. Hence, 

they are not collective intelligence per se. 

For example, the transactive memory system of a group is defined as the system of 

processes and structures that group members develop to encode, store, and retrieve knowledge, 

including knowledge about the skills and knowledge of each group member (Ren & Argote 

2011). There is a clear distinction between the conceptualization of a memory system (the 

structure and processes used by a group) and the conceptualization of intelligence (consistent 

performance across a variety of tasks). While transactive memory as a skill is likely valuable to 

groups in many situations, research suggests that transactive memory systems are not relevant 

across all types of tasks (Akgun, Byrne, & Keskin 2005; Lewis & Herndon 2011). 

“Collaboration know-how” is another virtual collaboration concept that has been studied 

for different types of tasks and has also been found to have different effects on performance for 

different task types (Majchrzak et al. 2005), suggesting that it is not a general intelligence 

concept (which, by definition, is consistent across task types). While collaboration know-how 

can clearly benefit virtual groups, this is an individual-level construct and does not represent the 

ability of a group as a whole to perform consistently well. Similar arguments could be made for 

the other concepts listed above as to why they are fundamentally different from (though not 

necessarily unrelated to, or perhaps even predictive of) the concept of collective intelligence.  
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This research defines collective intelligence as an ability to perform well across tasks. 

What makes up this group-level ability, and what individual- and group-level factors contribute 

to this ability, is yet unknown and is the subject of both this dissertation and future research. 

Research on collective intelligence is still in early stages, with definitions still being refined and 

studies such as the current one aiming to examine whether a factor of general collective 

intelligence exists empirically and how such a construct relates to aggregated individual 

intelligence. The development of this construct at the group level is similar to other group-level 

constructs that have been developed in previous research. For example, research on collective 

efficacy (a group’s perceptions about its ability to perform well) conceptualized the construct as 

being similar to individual self-efficacy (an individual’s perceptions about his or her ability to 

perform well), acknowledging that collective efficacy is partially a function of individual self 

efficacy, but that group interactions make it more than simply the aggregate (Lindsley, Brass, & 

Thomas 1995). Similarly, I conceptualize collective intelligence using the same basic definitions 

as apply to individual intelligence, and propose that this construct is partially related to the 

aggregation of group member intelligence, but is also dependent on other characteristics of the 

group. 

Even in face-to-face settings, where a collective intelligence factor has been clearly 

measured, the relationship between individual and collective intelligence is unclear (Woolley et 

al. 2010), suggesting that a better understanding of individual intelligence in virtual group 

performance may lead to the facilitation of collectively intelligent virtual groups in 

organizations. The unclear relationship between individual and collective intelligence also 

suggests that task type is an important factor controlling the effects of individual intelligence on 

group performance. Woolley et al. (2010) examined collective intelligence in two studies of 
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face-to-face groups and measured its correlation with individual intelligence and other 

potentially predictive factors. Individual intelligence was significantly correlated with collective 

intelligence in one study, but not in the other. When collective intelligence is measured using a 

certain set of group tasks, it is correlated with individual intelligence, but when it was measured 

using a different set of tasks (for which individual intelligence does not affect performance as 

much), the correlation is lower or even statistically non-significant. 

Prior research studying the effects of individual intelligence on group performance is 

inconclusive. Devine et al. (2001) reviewed the literature on this relationship for face-to-face 

groups, and noted a wide range of findings in prior studies. Some studies found a significant 

positive effect (Devine 1999; LePine et al. 1997; Williams & Sternberg 1988), while others 

found no effect (Blades 1976; Fiedler & Meuwere 1963). They perform a meta-analysis and find 

a small overall effect. More recent literature still fails to answer the question of how much 

impact individual intelligence has on group performance and what factors moderate this 

relationship that varies across studies (Bell 2007; Martins et al. 2012).  

Devine et al. (2001) suggest that the effects of individual intelligence on group 

performance should be stronger for additive tasks, such as brainstorming. Additive tasks are 

those where group performance is essentially the sum of individual performance of all group 

members (Steiner 1972). That is, if group members perform well individually, the sum of their 

contributions results in high group performance. For other types of tasks, the interactions 

required between group members add complexity such that the effect of individual intelligence 

in the group is not as clear. However, this conjecture was not empirically tested in their study. 

O'Brien and Owens (1969) studied the differing effects of intelligence on group 

performance when a single task was structured with differing levels of interdependency between 
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group member requirements, suggesting again that the effects differ by task type, but only 

examining a single type of task with different structuring, with no examination of theory as to 

why intelligence has differing effects. 

Another study (Day et al. 2004) carried out an experiment with different types of tasks 

and found that the correlation between individual intelligence and group performance is high for 

additive tasks and also conjunctive and disjunctive tasks (where group performance is a function 

of the highest-performing or lowest performing member of the group, respectively) (Steiner 

1972). However, the correlation was much smaller for the compensatory tasks (where group 

performance is not a simple function of individual performance, but rather depends on the 

interactions of group members) (Steiner 1972). This study confirmed the proposition of Devine 

and Philips (2001) but, being a methodology paper focused on the best way to aggregate 

individual intelligence (average, maximum, or minimum), still did not theoretically answer why 

the effects of intelligence would differ so much by task and why intelligence would not be a 

predictive factor in complex, non-additive tasks. No research has both theoretically and 

empirically examined for which types of tasks intelligence should affect performance and why. 

Further, we still do not know what the effects of intelligence are for groups that use 

computer-mediated communication (CMC). Because it seems to depend on the task being 

performed by the group, there is reason to suspect that the effects differ in groups working 

virtually. Why? Prior research on virtual groups suggests that group performance depends highly 

on the fit between the technology used and the type of task that the group is performing (Dennis 

et al. 2001). These findings suggest that research on virtual group performance should, at worst, 

consider the types of tasks that groups perform, and, at best, study how the relationships between 

antecedents and group performance vary (or conversely, to what extent they can be consistent) 
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across task types. Few studies have examined individual intelligence in groups working virtually 

(Jung, Schneider, & Valacich 2010), and these have only examined it in the context of 

brainstorming tasks (Valacich, Jung, & Looney 2006), finding a significant effect of group 

member intelligence on group performance. 

Hypothesis Development 

According to coordination theory (Malone & Crowston 1990, 1994), there are two types 

of activities that must be performed when multiple participants work together: production 

activities and coordination activities.  

Production activities are defined as all activities required to complete a goal that do not 

involve interdependencies among multiple actors or with other activities. Such activities are 

generally performed individually because having multiple actors perform them often results in 

dependencies between the actors (Malone 1988). Coordination activities are defined as acts of 

managing dependencies between production activities that are performed to achieve a goal 

(Malone & Crowston 1990, 1994). Coordination activities could include deciding which actors 

will perform which work, integrating information from different group members, and putting 

together the results of several production activities (Malone & Crowston 1990, 1994).  

Some tasks require many coordination activities, while other types of group task are 

mainly a function of individual production activities. For example, consider a group whose task 

is to design a new bicycle. The act of dividing up the work would be a coordination activity 

because the division of labor and the order of activities include many interdependencies. The act 

of an individual in the group designing the wheel is a production activity, because the activity 

can, of itself, be completed without dependencies (assuming that the actor has all needed 

information such as the specifications, desired size, etc.). However, once the activity of 
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designing the wheel is complete, a coordination activity is required to ensure that design of the 

wheel works with, for example, the design of the bicycle frame. Such a task as designing a 

bicycle could be considered a high-coordination task, because, although there are several 

production activities that must be completed, these production activities, when taken together, 

planned, and completed, require a large amount of coordination activities to complete the 

overarching goal. 

Other types of task are not as coordination-heavy (being, instead, more production-

focused). For example, consider a brainstorming session where a group of people has the goal to 

generate new ideas for product development. In this case, while some coordination is necessary 

(e.g., combining the ideas, deciding which are the best), the main issue is for individuals in the 

group to produce as many high quality ideas as possible. 

While tasks cannot be strictly categorized as coordination-based or production-based, 

some tasks clearly involve more coordination activities than others, with a spectrum existing 

between those tasks requiring almost exclusively production activities and those tasks requiring 

coordination activities at nearly every step. 

Coordination theory does not define a taxonomy of coordination activities, but rather 

explains how coordination requires the set of actors to manage dependencies that arise as a result 

of having multiple actors perform a task. Therefore, other types of coordination activities exist 

beyond those listed explicitly in the original papers defining coordination theory (Kling et al. 

2001; Lewis et al. 2001). Many of the examples and applications of coordination theory involve 

straightforward coordination, often between machines and humans or even machines and 

machines. However, the original theory did not deeply consider dealing with differing human 
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preferences, a common coordination issue in virtual and other information-based tasks, as a 

coordination activity (Lewis et al. 2001).  

Using the language of media synchronicity theory (Dennis et al. 2008), information tasks 

have two main types of coordination activities: conveyance of information between group 

members and convergence. Convergence is more difficult than other types of coordination 

activities because it involves the resolving of differing preferences—something that is not as 

easily accomplished as coordinating the parts of a bicycle (largely accomplished by conveying 

the requirements of the different parts). Thus, research examining group work across different 

types of tasks should consider more than simply the number of dependencies or whether the task 

is additive or compensatory—such research should account for the fact that multiple different 

types of coordination activities are involved. 

Coordination activities may be more complex for groups working virtually (Galegher & 

Kraut 1994). Research suggests that brainstorming, a production-focused task, is often just as 

effective or even more effective in CMC than in face-to-face groups, but other types of tasks 

tend to be harder for groups using CMC than face-to-face groups (at least initially) 

(Hollingshead, McGrath, & O'Connor 1993). Not only is it more difficult to coordinate with 

others because they are not physically present, but also because convergence in virtual tasks is 

more difficult to achieve than conveyance (Murthy & Kerr 2003). 

Collective Intelligence Hypothesis 

Because coordination requirements differ across task types, and some coordination 

activities, such as convergence, are inherently more difficult in computer-mediated settings, 

group performance will likely not be consistent across task types when groups work in such 

settings. With group performance differing across tasks, it would be difficult to find or measure 
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an inherent collective intelligence factor or say that some factors makes some groups perform 

more intelligently than others. 

One key question of interest in this study, then, is whether the factor claimed to be 

collective intelligence by Woolley et al. (2010) is an inherent group characteristic that transcends 

technology, much like individual intelligence, or whether their findings apply only to face-to-

face group work, with collective intelligence emerging in a different manner (or not at all) when 

groups use ICTs that lack visual cues. If a general collective intelligence factor like individual 

intelligence exists, then it should appear when groups work face-to-face and when they work 

using ICT.  

The collective intelligence factor found by Woolley et al. (2010) depends heavily on 

social sensitivity, which is measured by having participants identify the emotion expressed in 

photographs of individuals’ eyes (Baron-Cohen et al. 2001; Kress & Schar 2012). This visual 

understanding of emotions can be difficult or impossible with CMC that does not provide visual 

cues, such as textual chat or audio conferencing. Use of such CMC is not only common, but 

often necessary to successfully manage work in situations such as those involving global projects 

or group members with temporal delay (Cummings, Espinosa, & Pickering 2009). Therefore, 

previously reported results of collective intelligence are not directly relevant to groups working 

virtually. Research on virtual group work suggests that virtual groups are more successful when 

first meeting face-to-face (Kennedy, Vozdolska, & McComb 2010) or using face-to-face 

meetings from time to time (Maznevski & Chudoba 2000). Without establishing social norms in 

this context, with the aid of social sensitivity of group members, groups may not be able to 

inherently perform consistently across tasks. 
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Previous research on virtual work suggests that both individual performance (Kang et al. 

2012) and group performance (Maruping & Agarwal 2004) depend not only on what type of task 

the group is performing, but how well the technology fits with, or is appropriated for, the given 

task (Dennis et al. 2008; Fuller & Dennis 2009; Straus & McGrath 1994; Zigurs & Buckland 

1998; Zigurs & Munkvold 2006). This research shows that task type is an important factor 

influencing the outcome of collaborative work but it has not examined whether groups perform 

consistently across tasks when they use CMC (i.e., with some “intelligent” groups generally 

outperforming others regardless of task). Though we know that task and technology affect the 

performance of groups, we do not know if some groups perform more effectively in both optimal 

and suboptimal conditions of task-technology fit.  

If groups do possess a collective intelligence, then we would expect groups high in 

collective intelligence to perform better than groups low in collective intelligence across a range 

of tasks. This pattern should hold whether those groups meet face-to-face or use ICT, and 

whether or not the ICT is a good fit for the task. (In fact, one might expect smarter groups to 

emerge in tasks with poor technology fit because they might be better at adapting themselves, the 

technology, or the task to excel). 

I propose that the collective intelligence of a group can only be developed under certain 

circumstances. Some groups may be more “intelligent” (i.e., high performing) than others, but 

only when the conditions are right. For CMC, an inherent disconnect exists between task 

performance and inherent group characteristics, which makes performance more dependent on 

task type than on any inherent group characteristic. Different types of tasks have different 

requirements, and thus the processes groups use to perform them are likely more important in 

this setting than underlying group characteristics. The social cues and norms that groups develop 
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in face-to-face settings to overcome coordination difficulties are not present in these settings, and 

without them, differing coordination requirements lead groups to inconsistent performance 

(Galegher & Kraut 1994). 

Hypothesis 1.1: A collective intelligence factor does not emerge in groups working 

virtually with limited visual cues. 

Individual Intelligence Hypotheses 

Even in conditions where groups might have a level of collective intelligence—as shown 

in face-to-face groups, but not verified for virtual groups—such a collective intelligence factor is 

not likely to be solely a function of individual intelligence. Group outcomes are dependent not 

only on characteristics of the individuals in the group, but also of group-level characteristics and 

characteristics of interactions between group members (Sarker & Valacich 2010). Thus, the 

effect of individual intelligence on group performance may not be straightforward and may 

depend on how group members work together depending on the task they are performing. I 

propose that task-dependent effects of individual intelligence on group performance result from 

coordination requirements of certain types of group tasks. 

Different types of tasks have different coordination requirements, and these different 

requirements likely affect the relationship between individual characteristics (such as 

intelligence) and group performance. The literature on task interdependence (the level to which 

group members rely on each other in completing a task) demonstrates that the amount of 

interdependence required between group members moderates the relationship of group 

performance with reward structures (Allen, Sargent, & Bradley 2003; Rosenbaum et al. 1980; 

Wageman & Baker 1997), communication processes (Gladstein 1984), leader behaviors (Fry, 

Kerr, & Lee 1986), group cohesion (Gully, Devine, & Whitney 1995), goal interdependence 
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(Saavedra, Earley, & Van Dyne 1993), group control (Liden, Wayne, & Bradway 1997), 

communication modality (Rico & Cohen 2005), helping behaviors (Bachrach et al. 2006), and 

goal commitment (Aubé & Rousseau 2005). These studies have examined the effects of 

interdependence on relationships between group processes and outcomes, but similar effects may 

also occur for the relationship between individual characteristics (such as intelligence) and group 

outcomes, though this has not yet been empirically tested1.  

Intelligence in Low-Coordination Tasks. While the completion of production activities 

is an important part of group performance, production activities in group tasks are essentially 

individual-level activities. In other words, for a group to perform well on the production portion 

of a task, it need only have the individuals in the group perform the production activities well. 

Individual intelligence is highly predictive of performance on individual-level activities, so a 

group of intelligent individuals should perform well on the production portion of group tasks. 

Previous studies on task interdependence suggest that individual-level constructs such as self-

efficacy are more predictive of group performance on tasks with low interdependence than task 

with high interdependence (Katz-Navon & Erez 2005). If all group members are highly 

intelligent, the group can equally divide up the production activities. If the group perceives one 

group member as highly intelligent, that group member could complete the more difficult 

production activities. 

                                                 

1 Task interdependence is similar to the amount of required coordination. This dissertation considers high- and low-

coordination tasks, but it does not measure the same task interdependence construct used in the studies cited in this 

paragraph. Task interdependence is likely related to the amount of coordination required in a task. However, a high-

coordination task could potentially have low task interdependence if the coordination required is convergence (e.g., 

a task where all members have all information but they must coordinate to decide a final answer). Further, task 

interdependence studies often consider the same task structured in different ways, while this dissertation focuses on 

measuring performance across tasks with differing coordination requirements. However, the literature on task 

interdependence highlights that coordination requirements could affect relationships involving group performance. 
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Group tasks that require few coordination activities are similar in nature to individual 

tasks. High group performance on production-dominant tasks requires only that individual 

members perform the production activities well. By definition, an intelligent individual is one 

who performs well on a variety of individual tasks. Therefore, the effects of individual 

intelligence on performance should be strong whether the task is being performed by a group or 

by an individual. 

Hypothesis 1.2: For tasks low in coordination activities, there is a relationship between 

individual intelligence and performance for both individuals and groups working 

virtually. 

Intelligence in High-Coordination Tasks. Coordination activities require consensus and 

cooperation among group members to manage the dependencies of the task. These activities 

require more than mere completion of individual tasks. While it is tempting to think that a group 

of intelligent individuals will be more effective at completing complex group tasks, tests of 

individual intelligence do not consider abilities to coordinate with others nor to manage 

dependencies of work. We cannot conclude that a group of more intelligent individuals will be 

better at completing coordination activities that require managing dependencies and converging 

differing information and preferences, especially in virtual settings where these types of 

coordination activities have been shown to be particularly difficult (Dennis et al. 2008). 

I propose that coordination activities performed in virtual groups require skills beyond 

the intelligence needed to complete individual tasks. Coordination activities do not involve 

completing individual cognitive work; rather, they involve interaction with other individuals and 

the ability to manage the resulting interdependencies. Such activities may require other 
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individual characteristics besides individual intelligence, such as propensity to cooperate, or 

social sensitivity. 

If an individual performed a high-coordination group task alone, the coordination costs 

would disappear; the integration of work or information, along with any decision making 

required, would instead become an individual, cognitive-based, production activity, rather than 

an activity of coordination. Conveyance is no longer required, as the individual acquires all 

necessary information alone; convergence is also no longer required, as preference differences 

no longer exist. Even though benefits are achieved from performing such a task in groups (such 

as additional information, skills, or expertise than possessed by an individual alone), a high-

coordination task can be performed more simply or directly by intelligent individuals than by a 

group that must also complete coordination activities in addition to production activities. 

Therefore, performance on high-coordination tasks should be correlated with intelligence for 

individuals, but not for groups. 

Hypothesis 1.3: For high-coordination tasks, there is a relationship between individual 

intelligence and performance for individuals, but not for groups working virtually. 

This is not to say that all work should be performed by individuals rather than groups. 

For example, groups, including those working virtually, often perform work more efficiently 

than individuals. Further, having different perspectives from group members allows for error-

correction and innovation of ideas. However, these benefits of group work are not necessarily 

related to the intelligence of group members. What I propose is that intelligence plays less of a 

role in successful group performance when tasks have more coordination requirements; other 

factors may be more important. 
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Direct Comparison of Production-focused and Coordination-focused Tasks. Based 

on the same theoretical argument for H1.2 and H1.3, but considering a different way to 

empirically test the theoretical ideas, I hypothesize that individual intelligence will have a 

stronger effect in low-coordination (production-focused) virtual group tasks as compared to 

high-coordination virtual group tasks. Group tasks that require more coordination activities such 

as convergence, which require skills beyond intelligence of individuals, will see less of an effect 

of individual intelligence on total virtual group performance. With individual intelligence having 

a direct impact on the performance of individual production activities, production-focused low-

coordination tasks will see the stronger effect of intelligence on ultimate group performance.  

Hypothesis 1.4: The relationship between individual intelligence and group performance 

will be stronger for low-coordination group tasks than for high-coordination group tasks. 

Hypotheses 1.2-1.4 are summarized in Figure 1.1 below. 

 

Figure 1.1. Hypotheses about individual intelligence 
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If individual intelligence matters for some tasks, but not others, then individual 

intelligence cannot predict collective intelligence, and the collective intelligence of a group, if 

such a factor exists, therefore must be based on other traits or conditions. 

Methods 

Participants 

Participants were 464 undergraduate and graduate students at a large university business 

school. 324 students completed group tasks, and were randomly organized into 86 groups of 3-5 

members (performance measures control for group size). 140 students completed tasks as 

individuals. In some classes, participation in a research study was required. In other classes, 

students were offered an incentive such as course extra credit or entry in a drawing for a cash 

prize. Student samples are appropriate for testing theories about phenomena that are theorized to 

hold true across the population (Compeau et al. 2012). 

Tasks and Performance Measures  

Individuals completed three tasks, and groups completed four tasks (the fourth task was 

used for a robustness check in the test for collective intelligence, explained below). The tasks 

were selected from different quadrants of the McGrath group task circumplex (McGrath 1984), 

which categorizes tasks by the type of cognitive work involved for completion. Namely, the 

three main tasks used in the study are a brainstorming task (low-coordination), a decision-

making choice task (high-coordination), and a joint optimization task (high-coordination). I used 

two high-coordination tasks because the types of coordination required are different and I wanted 

to ensure that the type of coordination does not affect the results. The decision-making choice 

task focuses on convergence in the requirements (with some conveyance also required), and the 

joint optimization task involves a large amount of conveyance (with convergence also required 
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but not as much the focus of the task requirements). In other words, the two high-coordination 

tasks varied in the type of coordination required for success. 

While the amount of coordination required in a task can be considered a continuum from 

low to high (with varying amounts of conveyance and convergence within this continuum), it is 

only feasible to have participants complete a small finite number of tasks in a lab experiment. 

Thus, for the purposes of this research, tasks are simply classified as either low-coordination or 

high-coordination. 

In the brainstorming task, participants were given seven minutes to brainstorm ideas to 

increase tourism to the city in which the university was located. Participants were instructed that 

groups with the most high-quality ideas would score the highest. The tourism task is a classic 

brainstorming task that has been used in many studies (Dean et al. 2006; Dennis, Minas, & 

Bhagwatwar 2013; Pinsonneault et al. 1999). Performance on the brainstorming task was 

determined as the number of unique ideas produced by each individual or group. For the group 

brainstorming, three coders independently counted ideas from subsets of the transcripts. Inter-

rater reliability calculations were performed on the overlapping subsets that were coded. These 

calculations indicated adequate agreement among raters (Fleiss’ kappa = 0.92)2. Brainstorming 

tasks are sometimes scored by coding the data to measure quality of ideas instead of number of 

ideas. However, quantity of ideas is a commonly used measure in brainstorming research and has 

been repeatedly shown to be highly correlated with quality of ideas (Briggs et al. 1997). 

Brainstorming is largely additive in nature, with performance being a function of the sum 

of individual work. While some coordination is required, performance mostly depends on 

                                                 

2 A Fleiss’ kappa equal to 0 would indicate that inter-rater agreement was no better than if ideas were coded 

completely at random. A Fleiss’ kappa equal to 1 would indicate perfect agreement. 
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individual production of ideas. Few dependencies must be managed in a brainstorming task, as 

the group members are simply required to come up with their own ideas. Thus, the brainstorming 

task would be considered a task that is production-focused, or low in coordination. 

The college admissions task, a hidden profile task, was used for the decision-making 

choice task. A hidden profile task is a task in which each group member first considers a set of 

incomplete information, and then the group comes together to make a final decision. Incomplete 

information includes both common information, known to every group member, and unique 

information, known to only a subset of group members (Stasser 1992). A variation of the college 

admissions task has been used in several studies (Fuller & Dennis 2009; Robert, Dennis, & 

Ahuja 2008; Zigurs, Poole, & DeSanctis 1988). Group members were each given a set of 

information about four hypothetical candidates applying to a university. In the case of 

individuals completing the task alone, they received three sets of information and combined the 

information themselves. Participants were then asked to decide which candidates to admit and 

which to deny. Individuals and groups were allowed to admit up to two of the four candidates 

after 12 minutes. They received one point for each correct decision (admit or deny), resulting in a 

performance score ranging from zero to four. The correct decision for each of the candidates was 

based on the criteria for admitting students and validated by university admissions officers. The 

college admissions task is appropriate for the research sample because university students are 

familiar with the criteria relevant to being admitted to the university. 

The college admissions task requires many coordination activities, because there are 

many dependencies in the task to be managed. Each group member has different information 

about the candidates that must be integrated. Initial preferences of the group members are often 

different and must be resolved. The task requires the sharing of information and the consensus of 
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the group, which are not simple production activities. The individual production work in the task 

is to make a decision based on one’s own information, which must then be integrated with the 

decisions of others. Thus, the college admissions task would be considered a high-coordination 

task, with a large convergence component. 

For the joint optimization task, participants completed a slightly simplified version of the 

shopping plan task used by Woolley et al. (2010). Individuals and groups had 20 minutes to 

create a shopping plan where they decided which stores to visit to complete their individual 

shopping lists. (In the case of individuals working alone, they were given three separate shopping 

lists and were required to create a plan to accommodate preferences from all three.) Plans were 

scored according to the number of items purchased, the time taken to complete shopping, the 

quality and price of items, and whether or not items spoiled. 

The joint optimization task requires individuals to resolve differing preferences (e.g., 

which items to buy, which stores will be most useful, etc.) and to coordinate the time of the 

individuals. The management of these dependencies is what makes a group perform highly on 

this task. Thus, the shopping trip task would be considered a high-coordination task. 

Groups completed a fourth task for two reasons. First, if a collective intelligence factor 

were to emerge, I wished to test whether collective intelligence could predict performance on a 

separate task. Second, to ensure robustness in the analysis of collective intelligence, I used 

different combinations of task performance scores. More details on this robustness test are given 

in Appendix A. In this fourth task, groups were asked to make a distribution decision about a 

hypothetical candy production firm. Each group member was assigned as a division manager 

with specific resources needs, and groups were given information about the profit margins of 

each division. The groups were asked to make a decision of how to distribute two key 
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ingredients to the various divisions to maximize profits for the company (Mennecke & Wheeler 

2012; Raghavan 1990). Groups were given 25 minutes to complete this task. The performance 

score for the task was the standardized maximum profit per division that could be achieved by 

the hypothetical company based on the distribution of the ingredients. Complex tasks often 

require some aspect of each of the four types or modes of activity (McGrath 1991), as groups 

need to brainstorm, negotiate, decide on, and execute strategies to complete the task. Thus, the 

task could be considered high in both production and coordination activities. 

Independent Variable Measure and Control Variables 

Individual intelligence is the ability of an individual to perform well across a variety of 

cognitive tasks (Devine & Philips 2001; Woolley et al. 2010). Participants completed the 

Wonderlic Personnel Test, a cognitive ability exercise that has been validated by academic 

researchers (Dodrill 1983; Dodrill & Warner 1988) and used in numerous studies (Blickle, 

Kramer, & Mierke 2010; Simon et al. 1996; Woolley et al. 2010). The test consists of 50 

questions to be answered in a period of 12 minutes. For each group, the average and maximum 

score was calculated. 

I also collected data for control variables to include in the model. These variables include 

task order, task motivation, age, and gender at both levels of analysis. For groups, both average 

and maximum task motivation were calculated. Age was averaged for group-level analysis. For 

groups, gender was measured as a percentage of the group that was male or female. Gender has 

been shown to have an effect on group work in prior research (Adams & Funk 2012; Apesteguia, 

Azmat, & Iriberri 2012), particularly in the collective intelligence studies of Woolley et al. 

(2010), where it was indicated that groups with more females tend to be more collectively 
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intelligent. Gender also plays an important role in the way individuals use technology 

(Venkatesh & Morris 2000). 

At the group level of analysis, I also measured group size, variance in speaking turns, and 

group social sensitivity. Variance of speaking turns is a measure of the distribution of 

communication within a group. Groups with a high variance of speaking turns are those in which 

some members of the group dominate discussion while other members of the group contribute 

proportionally less. Some research has found distribution of speaking turns to be relevant to 

group success (Borge et al. 2012; Dong, Lepri, & Pentland 2012), with more equal distribution 

being preferred. Use of text-based CMC results in more equal participation (Garfield et al. 2001; 

Straus 1996), so this factor may have less effect when groups work virtually. 

Social sensitivity is the ability to perceive and understand the feelings and viewpoints of 

others, measured using the Reading the Mind in the Eyes test (Baron-Cohen et al. 2001), and is 

correlated with the collective intelligence of face-to-face groups (Woolley et al. 2010). The 

multiple-choice task consists of 36 consecutive photographs of eyes, where participants respond 

with the emotion that the photographed person is feeling. For each photograph, participants 

decide among four given choices. For each group, the average and maximum score was 

calculated. 

Procedures  

Data was collected in a computer lab in the business school. Participants sat at individual 

workstations where they could not see the computer screens of other participants. Participants 

first completed the Wonderlic intelligence test, and then completed the tasks as individuals or as 

randomly-assigned groups of 3-5 members. Groups communicated using only the Gmail chat 

software, which is a commonly used text-based CMC tool that is similar to other text-based 
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CMC tools. Generic Gmail accounts were used for the study (e.g., “teammember.a1”) so the 

individuals were not aware of which other individuals in the lab were communicating which 

messages. The three main tasks were completed in random order. For participants completing the 

experiment in groups, the candy profitability task was completed after the three main tasks. After 

all tasks, participants completed a survey online, which measured demographic variables, control 

variables, and an attention check to filter out any participants who did not complete the study 

seriously. The attention check asked participants to fill in a certain answer on the survey, to 

check whether they would pay attention to the questions. Participants who answered the attention 

check incorrectly were flagged but not immediately excluded from the study. Rather, the 

attention check was used as a robustness test in post-hoc analysis (see Appendix A). 

Procedures and tasks were refined during four initial pilot sessions. Minor adjustments 

were made to timing and task requirements to allow participants to complete the tasks 

comfortably within a two-hour period to prevent fatigue.  

Analysis and Results 

Collective Intelligence (Hypothesis 1.1) 

Following the procedures of Woolley et al. (2010), I used group performance scores on 

the three main tasks to determine whether a collective intelligence factor emerged from the data. 

The first criterion is that the average correlation between task scores should be positive. The 

pairwise correlations in the Woolley et al. (2010) studies were either significantly positive or not 

statistically significant, with an average correlation of 0.28 in Study 1 and 0.23 in Study 2.  

In our study, correlations between task scores were either not statistically significant or 

significantly negative, as shown in Table 1.1. The average correlation was -0.12, indicating that 

performance on one task was not correlated with performance on other tasks. 
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Table 1.1. Correlations between group task performance and traits 

 1 2 3 4 5 6 7 8 9 

1. Brainstorm task          

2. Decision task -0.14         

3. Optimization task -0.25* -0.09        

4. Avg intelligence 0.51** -0.06 -0.02       

5. Max intelligence 0.47** -0.11 -0.05 0.75**      

6. Percent female -0.25* -0.11 0.08 -0.37** -0.22*     

7. Avg age -0.11 0.20 0.13 -0.28** -0.25* -0.05    

8. Speaking variance -0.19 0.04 -0.06 -0.15 -0.04 0.00 0.13   

9. Avg motivation 0.13 -0.02 0.05 0.04 0.03 -0.04 -0.11 -0.07  

10. Max motivation 0.09 -0.03 0.01 -0.13 -0.16 -0.02 -0.07 -0.10 0.56** 

*p < 0.05; **p < 0.01; n = 86 groups 

 

The method to identify an intelligence factor, whether individual or collective, consists of 

a factor analysis of performance scores on a variety of tasks (Deary 2000; Woolley et al. 2010). 

The intelligence factor in this factor analysis should (a) account for 30-50 percent of the 

variance, with the next factor accounting for significantly less, (b) have an eigenvalue greater 

than 1.38, and (c) demonstrate an obvious elbow in the scree plot (Woolley et al. 2010). None of 

these criteria were met in this study. In a principal components factor analysis, the first factor 

accounted for 42 percent of the variance, but the second factor accounted for 36 percent, 

suggesting two dominant factors, rather than an emerging intelligence factor. The first factor’s 

eigenvalue was 1.26, and no drop-off elbow appeared in the scree plot, which is shown in Figure 

1.2. Taken together, these analyses indicate that a general collective intelligence factor does not 

emerge when groups use CMC, providing support for Hypothesis 1.1.  
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Figure 1.2. Scree plots comparing 

my factor analysis to the Woolley et 

al. (2010) studies 

 

I performed several robustness and validity checks to further support my statistical 

analysis. These are detailed in Appendix A. 

Effects of Individual Group Member Intelligence (Hypotheses 1.2 – 1.4) 

Correlations for group work and individual work are shown in Tables 1.1 and 1.2, 

respectively. 

Table 1.2. Correlations between individual task performance and traits 

 1 2 3 4 5 6 

1. Brainstorm task       

2. Decision task 0.04      

3. Optimization task 0.27** 0.06     

4. Intelligence 0.21* 0.17* 0.21*    

5. Gender (female) 0.04 0.12 0.12 0.10   

6. Age -0.06 -0.01 -0.12 -0.01 0.09  

7. Motivation 0.10 0.09 0.31** 0.32** 0.12 0.00 

*p < 0.05; **p < 0.01; n = 140 individuals 
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For the low-coordination, production-focused task (brainstorming), intelligence was 

significantly correlated with performance at both the group and individual levels. Surprisingly, 

the correlation was much lower for individuals than for groups. However, the correlations 

indicate there is a relationship between the constructs for both individuals and groups, providing 

support for Hypothesis 1.2. 

For both high-coordination tasks (decision and joint optimization), intelligence was 

significantly correlated with individual performance but had no relationship with group 

performance, providing support for Hypothesis 1.3. 

To test H1.2 and H1.3 beyond correlations only, I ran a combined-sample (individual + 

group) regression model for each task, following the procedures of Kutner, Nachtsheim, and 

Neter (2004), and compared the intelligence coefficients between the group and individual 

samples. In this procedure, both samples are pooled into one data set with sample size n = 226 

(140 individuals + 86 groups). Then, I ran the following model: 

Yi = β0 + β1Xi + β2Inti + β3IntiXi + β4Genderi + β5Agei + β6Motivationi + β7Orderi 

where 

Yi = performance score of individual or group i, 

Int = intelligence of individual i or average intelligence of group i, and 

Xi = an indicator variable which equals 0 for individuals and 1 for groups. 

In this model, β0 is the overall intercept and β2, β4, β5, and β6 are coefficients reflecting 

the overall direct effects of the predictor variables on performance scores across all individuals 

and groups. Speaking variance and number of group members were not included in this model 

because they are unique to the group data set. However, the variables were not significant in any 

of the group regression models, so I am comfortable omitting these variables in this analysis.  
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β1 reflects the difference in intercepts between the individual and group models. That is, 

if β1 is statistically significant, then there is an overall baseline difference in performance 

between individuals and groups. β3 reflects the difference in slopes for the intelligence effect 

between the individual and group models. That is, if β3 is statistically significant, then the effect 

of intelligence is significantly different between individual and group models. Thus, β3 is the 

coefficient of interest in these models—to test the different effects of intelligence between 

individuals and groups for different task types. Results of this analysis are shown in Table 1.3. 

Table 1.3. Combined-sample regression model parameter estimates (p-

values) 

Task: 
Brain-

storming 

College 

admissions 
Shopping 

Constant / Intercept (β0) 
6.064 

(0.176) 

1.354 

(0.133) 

67.880 

(<0.001) 

Indicator variable (β1) 

(0 = ind; 1 = group) 

-18.190** 

(0.003) 

1.166 

(0.343) 

-1.858 

(0.909) 

Intelligence (β2) 

(average for groups) 

0.211* 

(0.026) 

0.036† 

(0.058) 

0.390 

(0.124) 

Test of difference in slopes (β3) 
0.737** 

(<0.001) 

-0.051 

(0.218) 

-0.573 

(0.294) 

Gender (female) (β4) 

(% of whole for groups) 

0.221 

(0.786) 

0.165 

(0.307) 

2.991 

(0.170) 

Age (β5) 

(average for groups) 

-0.043 

(0.791) 

0.017 

(0.591) 

-0.482 

(0.258) 

Motivation (β6) 

(average for groups) 

0.047 

(0.930) 

0.030 

(0.779) 

4.788** 

(0.001) 

Task order (β7) 
-0.846† 

(0.086) 

0.104 

(0.274) 

0.124 

(0.920) 
†p < 0.10; *p < 0.05; **p < 0.01; n = 226 (140 individuals + 86 groups) 

 

The results indicate that the effect of intelligence on performance is stronger in groups 

than for individuals in brainstorming. However, H1.2 was that the effect would be different from 

zero, not that the effects would be the same. Future research should study why the effects of 

intelligence on performance are stronger for groups than individuals in low-coordination tasks. 
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These results also indicate that the difference of the effects of intelligence on 

performance between groups and individuals is actually not statistically significant. This result is 

surprising given that the effect was significant for individuals but not for groups, and that I 

theorized the results would be different. However, this does not contradict the hypothesis that the 

effect would be significant for individuals but not for groups in high-coordination tasks. 

Comparing the tasks at the group level, intelligence was significantly correlated with 

group brainstorming performance, but was not significantly correlated with group decision 

performance nor group joint optimization performance, providing support for Hypothesis 1.4. 

Table 1.4 summarizes regression models predicting performance on each task, with  

group size3, variance in speaking3, task order, motivation, age, and gender as controls. These 

results further support the hypotheses of this study. 

Table 1.4 Regression model parameter estimates (p-values) 

DV: Individual performance Group performance 

Task: 
Brain-

storming 

College 

admissions 
Shopping 

Brain-

storming 

College 

admissions 
Shopping 

Constant / Intercept 
6.026 

(0.237) 

1.172 

(0.286) 

29.252 

(0.031) 

-15.092 

(0.381) 

1.256 

(0.710) 

-8.987 

(0.809) 

Intelligence  

(average for groups) 

0.198* 

(0.030) 

0.034† 

(0.072) 

0.561* 

(0.017) 

0.931** 

(<0.001) 

-0.015 

(0.729) 

-0.030 

(0.948) 

Gender (female) 

(% of whole for groups) 

0.016 

(0.986) 

0.267 

(0.123) 

2.836 

(0.218) 

-1.551 

(0.507) 

-0.381 

(0.407) 

4.307 

(0.405) 

Age 

(average for groups) 

-0.025 

(0.885) 

0.001 

(0.971) 

-0.734† 

(0.093) 

0.185 

(0.736) 

0.147 

(0.176) 

2.064† 

(0.081) 

Motivation 

(average for groups) 

0.345 

(0.408) 

0.092 

(0.394) 

7.000** 

(<0.001) 

-1.258 

(0.548) 

0.050 

(0.904) 

6.947 

(0.129) 

Speaking variance 

(groups only) 
   

-0.004 

(0.338) 

0.000 

(0.731) 

-0.003 

(0.748) 

# of group members 

(groups only) 
   

0.835 

(0.346) 

-0.291 

(0.101) 

2.427 

(0.209) 
†p < 0.10; *p < 0.05; **p < 0.01; n = 140 individuals + 86 groups 

 

                                                 

3 For group data only—not relevant for individual-level data. 
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Discussion 

Interpretation of Findings 

First and foremost, the results of this study show that no collective intelligence factor 

emerged when groups used text-based CMC. Yet when these same procedures and measures are 

used to examine the performance of individuals drawn from the same subject pool performing 

the same tasks, an individual intelligence factor emerged that was correlated with the 

individual’s Wonderlic score. Since these subjects, tasks, measures and procedures resulted in an 

individual intelligence factor, they should have resulted in a collective intelligence factor in 

groups if it existed. Yet they did not. An inherent collective intelligence factor similar to 

individual intelligence should transcend media and tasks, indicating that collective intelligence 

does not manifest when groups use CMC. 

Thus, the factor found by Woolley et al. (2010) is not a general factor of collective 

intelligence inherent to groups under all conditions, but it is a measure of a group’s general 

ability to work well on many tasks in face-to-face settings (i.e., face-to-face collective 

intelligence). Collective intelligence manifests itself differently in virtual settings; that is, groups 

using CMC do not appear to have an inherent factor that makes some groups more intelligent 

(i.e., highly performing across tasks) than others. Collective intelligence is a concept that is 

unlike individual intelligence in that it emerges differently under different conditions. For some 

forms of CMC, task characteristics have a more powerful effect on group performance than any 

inherent group factor. 

Stated differently, the main finding is that even though groups working face-to-face 

display a consistent level of performance across tasks, dependent on the social sensitivity of 
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group members, groups working through CMC with no visual cues did not have consistent 

performance; rather, their performance differed by task type. 

This finding has rather disappointing implications in practice. We would like to think that 

selecting “good” group members is important to performance when groups use CMC. Yet the 

results show that on average, groups that did well in one task did not do well in others. In other 

words, there was no consistent general tendency in performance. Regardless of the potential 

reasons that face-to-face groups could outperform groups using ICTs (e.g., difficulty with 

conflict management, difficulty understanding social cues, etc.), the findings indicate that even in 

sub-optimal conditions, no groups performed consistently better than others. Truly intelligent 

groups should perform well relative to other groups, across tasks and media, even (and 

especially) in conditions where the task and the technology do not fit well together. Therefore, 

the concept of collective intelligence is more complex than past research would suggest, 

manifesting under some conditions but not others. 

One of the most surprising results of this study and the Woolley et al. (2010) studies is 

the general lack of impact of individual intelligence on overall group performance. Individual 

intelligence is generally a good predictor of performance on individual tasks (Deary 2000, 2012; 

Woolley et al. 2010), and was significantly correlated with individual performance for the tasks 

used in this study. However, something happens in group work that disconnects individual 

intelligence from group performance.  

Even though individual intelligence was correlated with individual performance in this 

study, the effect of individual intelligence disappeared in groups working on coordination-heavy 

tasks. Groups working through CMC do not have consistent performance; rather, their 

performance differs by task type, with intelligence having differing effects depending on the type 
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of task that groups perform. Groups that performed well on the production-focused tasks did not 

perform well on the coordination-focused tasks (and vice versa), and the effects of individual 

intelligence were only seen in the production-focused tasks. 

Based on two types of empirical tests (individual vs. group performance and direct 

comparison of group performance across tasks), this study suggests that group member 

intelligence may be relevant only for tasks involving a sum of individual production activities, 

such as brainstorming tasks. The effects of individual intelligence are not significant for more 

interactive tasks that require group members to perform (sometimes complex) coordination 

activities, which are even more difficult in computer-mediated environments.  

Previous research and theory shows that group performance depends on the fit of the task 

with the technology and on how the groups appropriate the technology to best fit the task at hand 

(Dennis et al. 2001). Our results take this one step further to show that different group 

characteristics have different effects on performance depending on the task. For brainstorming 

tasks, the average intelligence of group members was significant; groups whose members had 

higher average intelligence produced more ideas. This may be due to the high correlation 

between social sensitivity and individual intelligence (which is itself an interesting finding), but 

more research is needed to understand this. 

Theoretical Contributions 

The results of this research should make several contributions to research on virtual 

group performance and collective intelligence.  

First, the study of collective intelligence as a concept is relatively new, and this study 

indicates that such a factor is not always present or measurable under certain circumstances. 

While collective intelligence may be an inherent factor for face-to-face groups, groups working 
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virtually do not have an inherent level of collective intelligence. This study provides potential 

reasons why this might be the case and can inform future studies to further refine the idea of 

collective intelligence and how groups can perform intelligently, even if not inherently in certain 

conditions. Defining, conceptualizing, and measuring collective constructs can be difficult and 

more complex than individual-level constructs (Klein & Kozlowski 2000; Morgeson & Hofmann 

1999), and this research is just one step in the processing of refining our understanding of 

collective intelligence. 

Next, the study also provides insight into what types of tasks and activities lead to 

differing performance among groups. Tasks that involve complex coordination activities are 

more difficult to manage in computer-mediated environments, and skills beyond any inherent 

group characteristic are needed in order to achieve consistent high performance. 

Further, the current study has implications for the study of group performance in general. 

This study shows that virtual group performance is not consistent across tasks; thus, researchers 

should take care in the conceptualization and measurement of performance when studying its 

antecedents in virtual groups. For example, the predictors of brainstorming performance are 

likely different from predictors of decision or optimization performance. 

This study also provides a more thorough theoretical understanding of the effects of 

individual intelligence on virtual group performance, particularly by considering task type and 

coordination / production activities as a theoretical argument. The explanation of differing 

effects by task type helps explain why collective intelligence is only sometimes related to 

individual intelligence and why in some cases, a collective intelligence factor does not emerge at 

all. Further, this research is the first to empirically test the effects of individual intelligence on 

groups using CMC, for different types of tasks. 
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Implications for Practice 

First, the findings of our study indicate a lack of inherent collective intelligence (i.e., 

consistent performance) in groups working together across multiple tasks using ICTs that lack 

visual cues. This suggests that managers may not necessarily be able to rely on virtual groups 

who have previously done well on one initial task, to perform well on a new type of task (at least 

when considering short-term teams who have little experience together). There may be some 

consistency within a type of task (creativity, decision making, negotiation), but groups that are 

highly creative are not necessarily also good at making decisions or negotiating, at least when 

using ICTs that lack certain social cues.  

Second, individual intelligence was not related to virtual group performance in general. 

Although there is an intuitive appeal to selecting highly intelligent group members in the hopes 

of getting better performance when they work together, our research suggests that this approach 

is no more likely to lead to good group performance on some virtual tasks than selecting group 

members based on any other individual characteristic. Group member intelligence may or may 

not be necessary for good group performance, but it is not sufficient, except for tasks that do not 

require difficult coordination activities such as brainstorming. As a result, managers should be 

cautioned that when putting together a group of individuals to complete high-coordination tasks, 

simply choosing the brightest individuals will not necessarily result in the best group 

performance. Group performance depends on the requirements of the task and the nature of the 

ICT used (e.g., face-to-face, CMC) more than on the traits of group members. Therefore, 

managers seeking to improve the performance of group work in an organization should focus 

more on developing skills, both task-specific as well as group coordination skills, rather than 
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focusing only on selecting the brightest individuals to be members of groups performing virtual 

tasks. 

Third, our research suggests that groups whose members are high in social sensitivity do 

not perform well when they use text-based CMC that lack visual cues. It may that the lack of 

visual social cues impairs the ability of these individuals to work. When performing a decision-

making task, this type of group should elect to use a CMC tool that supports visual cues, such as 

video conferencing, rather than a text-based CMC such as email or IM. 

Finally, this research has implications for information systems practitioners in that the 

technology that organizations design and use should account for the finding that virtual group 

performance is highly task-specific. Further, designing collaborative technologies that 

incorporate many visual cues should help groups to more quickly develop consistent 

performance by more easily establishing the social norms necessary for performance. 

Limitations and Implications for Future Research 

One potential limitation of the current study is that the sample was limited to young 

business students. Participants in our study averaged a slightly higher score on individual 

intelligence than participants in the Woolley et al. (2010) studies and were on average two years 

younger. Student samples are appropriate for testing theories about phenomena that are theorized 

to hold true across the population (Compeau et al. 2012). If a collective intelligence factor does 

not emerge in groups of students, then we can safely conclude that the collective intelligence 

factor does not always emerge in virtual groups. In other words, we aimed to understand whether 

collective intelligence is, like individual intelligence, an inherent factor of any group. Showing 

the non-emergence of this factor in a subset of the population suggested the need to better 

understand collective intelligence and how it differs by context. 
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Another limitation of both the current study and the Woolley et al. (2010) studies is that 

groups had not worked together previously. As groups develop relationships and routines over 

time, they may be able to better perform on a wider variety of tasks (McGrath 1991; Powell, 

Piccoli, & Ives 2004). Social information processing (SIP) theory suggests that relations take 

longer to develop in virtual groups and that, while CMC constrains groups initially, attitudes and 

outcomes of online groups can become more positive over time (Chidambaram 1996). While 

groups do not initially have consistent performance in computer-mediated work, they might 

develop consistency as they develop relationships over time. Beyond developing routines and 

social relationships, distributed groups can also improve over time as they learn to transcend 

knowledge differences (Majchrzak, More, & Faraj 2012). Such groups might also develop a level 

of consistent performance over time as they develop group-specific coordination techniques that 

allow them to perform coordination activities consistently well across tasks. 

However, for the purpose of initial studies investigating collective intelligence in CMC, 

such as the current study, new groups are more appropriate than established groups in order to 

differentiate between an inherent collective intelligence trait and the effects of established 

routines. If collective intelligence is analogous to the intelligence of individuals, it should matter 

most for the performance of new groups because intelligence has the highest effect on 

performance when individuals first start working on tasks (Devine & Philips 2001). As 

individuals develop experience with a task, routines set in and the effects of intelligence are not 

as strong (Devine & Philips 2001). 

Another potential limitation of this research is that tasks were classified as production-

heavy or coordination-heavy based on a qualitative categorization of the author. Some might 

argue that brainstorming is also high-coordination because members can think of more ideas 
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when stimulated by other intelligent members of the group. Future research could consider a 

more objective measure of how coordination-focused or how production-focused a task is. The 

second study of this dissertation includes perceptions of participants about the coordination 

requirements of each task they completed. 

In addition to the future research needed to address the above limitations, the current 

study also opens up many additional opportunities for future research. There are at least six such 

implications. First, more research is needed to understand the concept of collective intelligence. 

Our study suggests some boundary conditions of the collective intelligence factor that emerges in 

face-to-face work. More studies are needed to examine collective intelligence and the conditions 

under which it emerges and influences group performance. In other words, while an inherent 

general collective intelligence factor may not exist for all forms of group work, future research 

should continue to assess why groups can develop a general ability to work well across tasks 

initially when using media with visual cues, and whether groups can develop collective 

intelligence when using CMC lacking such visual cues.  

Research is also needed to determine whether collective intelligence should be 

conceptualized and measured as an inherent factor within certain task types. It may be that, like 

individual intelligence, groups perform consistently across all kinds of (for example) decision 

tasks, even when using ICT. Perhaps the differences between group task types are greater than 

the differences between individual task types when measuring intelligence, so that collective 

intelligence emerges only within group task types. In this case, research is also needed on why 

face-to-face groups can bridge the collective intelligence across the broad task types, but groups 

using ICT cannot. 
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Second, more research is needed on the development of collective intelligence in various 

types of virtual groups. While this initial study examined groups using media lacking visual and 

audio cues, distributed groups with some of the these cues may be able to develop some level of 

collective intelligence. In addition to visual and audio cues, virtual groups also vary in spatial, 

temporal, and configurational characteristics (O'Leary & Cummings 2007), and each of these 

could potentially affect the development of collective intelligence. 

Third, more research is needed on the role of social sensitivity in group performance. 

Although it may be the key factor related to across-task performance of groups working face-to-

face, I found it to have varying effects, depending on the task, on groups working virtually. It 

makes sense that a factor that is dependent on visual cues would have little effect when using 

CMC lacking visual cues. Nonetheless, more research is needed to understand its effects on 

groups working with other forms of CMC such as those offering audio or visual cues. It may be 

that social sensitivity is linked to performance when groups use other forms of CMC that include 

such cues (at least for those with high visual social sensitivity). 

Because visual cues and emotional understanding are important to the performance of 

groups working face-to-face, it would be fruitful to research the role of social cues in influencing 

group performance when groups use media that lack visual and/or audio cues. Groups sometimes 

substitute explicit text cues or nonverbal cues for the unavailable visual/audio cues (Walther & 

Tidwell 1995). Studies are needed to examine the impact of such cues on virtual group 

performance across different types of tasks. Although research has suggested that individuals 

display and try to interpret such textual cues, I know of no validated measure of the ability to 

interpret social and emotional cues in text (akin to visual social sensitivity in face-to-face 

settings). A text-based version of the “Reading the Mind in the Eyes” test would be helpful in 
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understanding the effect of the social sensitivity trait in settings lacking visual cues. Such an 

ability would likely not lead to higher performance across all types of tasks when using CMC 

(otherwise, the performance scores in our study would have been correlated, regardless of 

whether such an ability was measured), but it would be fruitful to understand in which situations 

and tasks this ability would be helpful to groups. Research should also address the relationship 

between these measurable abilities and the self-reported emotional intelligence construct. 

Fourth, future research could also examine groups that work in both face-to-face and 

CMC environments. Many groups today work in both settings, and the ability to understand what 

factors contribute to performance in both environments (and different CMC environments) is 

important. It may also be important to understand what factors influence the performance of 

established groups with prior histories of working together. The factors influencing performance 

in these groups may be similar to or different from newly formed groups and may explain how 

some groups using CMC can start to perform consistently across tasks.  

Fifth, more research is needed to better understand the relationship – or rather the lack of 

a relationship – between individual group members’ intelligence and group performance on 

coordination-focused tasks. While previous research has produced mixed findings on this 

relationship (Devine & Philips 2001), the current study suggests that group member intelligence 

is relevant only for tasks involving a sum of individual production activities, such as 

brainstorming tasks, while the effects of intelligence are not as important for more interactive 

group tasks that require group coordination activities such as convergence. What is it about the 

need to reach consensus that weakens the relationship between individual intelligence and group 

performance even though the relationship between individual intelligence and individual 
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performance on the same tasks is strong? Future research should focus on traits and 

characteristics beyond intelligence that help groups to better perform coordination activities. 

Finally, another avenue for future research is the continued development of technology 

and process interventions to improve group performance (Briggs, De Vreede, & Nunamaker 

2003; De Vreede, Briggs, & Massey 2009; Zhang, Venkatesh, & Brown 2011). Such action 

research benefits from the knowledge that group performance depends on task type. Action 

researchers should focus on tools to improve collaboration for context-specific tasks, or 

alternatively aim to overcome task-specific differences in virtual group work. In addition to 

developing specific tools through action research, future research could also examine and test the 

theoretical effects of technology and task structuring to both promote collective intelligence and 

better leverage the effects of individual intelligence. That is, left alone, groups do not perform 

better on coordination-focused tasks simply because they have smarter group members. 

However, this may not be the case under all circumstances. Facilitating the coordination of the 

group, or reducing the coordination costs of such tasks, whether by providing supportive 

technology or supportive processes, may allow smarter groups to overcome coordination barriers 

and have performance that is enhanced by the intelligence of their group members. In such cases, 

groups could even develop a level of collective intelligence, being able to perform more 

consistently across all task types. The second study of this dissertation focuses on addressing this 

point.  
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CHAPTER 3: DEVELOPING A TECHNIQUE TO LEVERAGE INDIVIDUAL 

INTELLIGENCE, LEADING TO COLLECTIVE INTELLIGENCE (STUDY 2) 

The first study of this dissertation focused on finding and measuring an inherent 

collective intelligence factor in virtual environments, while also considering the inherent effects 

of individual intelligence on virtual group performance. To build on this research, Study 2 

examines how implementing a technology-based structuring technique could potentially lead to a 

developed collective intelligence in groups by strengthening the relationship between individual 

intelligence and virtual group performance across a range of tasks. 

Prior Research and Theory 

Interventions for Virtual Group Work 

Prior information systems research focuses on three main types of interventions that can 

be used to support virtual groups: (1) structuring the tasks in a different way that results in a 

change in the way groups perform the task (Tan & Huang 2000); (2) the introduction of a 

technology that facilitates virtual group work (Li, Zhang, & Zhang 2013; Mentis & Yilmaz 

2014); or (3) a combination of both, using technology to structure the task for the group (Hiltz et 

al. 2006; Ocker et al. 1996). 

Early interventions to improve the work of groups included techniques such as Delphi 

(for a review, see (Linstone & Turoff 1975)). In the Delphi technique, originally designed for 

forecasting, facilitators combine and coordinate the work of individuals, with structured groups 

often having more accurate predictions than unstructured groups. While Delphi is often used for 

forecasting and decision making, the current study proposes an intervention that adds structure to 

any type of task, by first considering the requirements unique to the task. Adding structure to the 

work of a group provides many advantages, and this study investigates the advantage of 

providing structure to group tasks in an effort to improve the effects of intelligence in the group.  
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Virtual groups are especially in need of structure to facilitate coordination among group 

members due to the lack of visual and/or audio cues. Based on the early Delphi studies and the 

need to support distributed groups, a large stream of research in the information systems 

discipline proposed and tested the value of group support systems (GSS) (Dennis et al. 2001; 

Fjermestad & Hiltz 1998; Nunamaker et al. 1996). Many studies have shown the value of 

creating systems to support distributed groups, and these benefits go beyond simply improving 

performance. There is little research on the effects of GSS on groups who perform multiple 

different types of tasks, nor of the moderating effect of these technologies and structures on the 

relationship between individual traits and group outcomes. 

One more recent area of group interventions is the field of Collaboration Engineering 

(Briggs et al. 2003; De Vreede et al. 2009). While the traditional GSS research showed the value 

of group systems and structure in lab groups, many of the benefits were not immediately seen in 

the “real world”. Simply implementing a technology is not enough; organizations need to design 

collaboration processes and structures that meet the unique needs of the organization’s goals or 

the objectives of critical group tasks (De Vreede & Briggs 2005). 

The field of Collaboration Engineering was created to study how experts can take the 

benefits of GSS from the lab and make them work in the field by designing technology-

supported collaboration processes based on organizational needs. Collaboration Engineering 

follows several steps of designing, refining, implementing, and improving collaboration designs 

to fit the collaboration needs of organizations (De Vreede 2014; Kolfschoten, De Vreede, & 

Briggs 2010). The building blocks of these collaboration processes are called thinkLets. 

ThinkLets are reusable, transferable facilitation techniques that move a group through a process 

toward a goal (Briggs et al. 2003; De Vreede et al. 2009).  
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ThinkLets help groups in six key areas of collaboration: generate, reduce, clarify, 

organize, evaluate, and build commitment (De Vreede et al. 2009). Using the collaboration 

engineering approach and the thinkLet building blocks, collaboration engineers have developed 

successful collaboration processes for many large companies. Examples include operational risk 

management assessments for financial companies (De Vreede et al. 2009), innovation processes 

for a large financial analytics firm (De Vreede 2014), and product planning processes for a 

philanthropic organization (De Vreede 2014). 

Recognizing the need to structure group work through not only implementing technology, 

but also facilitating group processes, this study takes a similar approach to the collaboration 

engineering field—that is, I propose a technology-based task structuring technique, based on a 

set of underlying tools and processes, that should facilitate coordination activities in virtual 

groups. The main idea is to create a step-by-step technique where facilitators structure group 

work using existing tools and practices, in this case to improve the effects of individual 

intelligence and promote collective intelligence. While the general idea of structuring group 

work with technology-based, context-specific collaboration processes, is similar to the goal of 

collaboration engineering, this study is different in that collaboration engineering focuses on 

large recurring processes (De Vreede & Briggs 2005), whereas the technique I propose 

addresses ad hoc group work across many small tasks. 

While the technologies and methods in this technique are not new, this research provides 

two unique contributions. First, this research theorizes and tests how technological interventions 

can lead to a stronger effect of individual characteristics on group performance in certain tasks 

by reducing coordination costs. Second, while virtual group interventions in previous literature 

often focus on only one type of task, the technique presented in this research focuses on 
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facilitating virtual group work across many types of tasks, leading to more collectively intelligent 

groups. 

Coordination and Production Activities 

Based on the theory and results of Study 1, the differing effects of individual intelligence 

on group performance based on task type are due (at least in part) to coordination costs of certain 

types of group tasks. The results of Study 1 suggest little or no relationship between group 

member intelligence and virtual group performance for high-coordination tasks. This 

inconsistency in the effects of individual intelligence partially explains the lack of emergence of 

a collective intelligence factors in virtual groups. That is, if individual intelligence had predicted 

performance across all tasks, there would have been some level of consistent performance, i.e., 

collective intelligence. 

According to coordination theory (Malone & Crowston 1990, 1994), there are two types 

of activities that must be performed when multiple “actors” work together: production activities 

and coordination activities. Some tasks require many coordination activities, while other types of 

group task are mainly a function of individual production activities. No task can be strictly 

categorized as a coordination-based or production-based task; rather, there is a spectrum of low 

to high levels of coordination required for various task types. Coordination is inherently difficult. 

Proponents of coordination theory have applied it to encourage organizations to design business 

processes to reduce the amount of coordination to improve performance (Crowston 1997). 

Coordination activities require group members to manage the dependencies of the task. 

Intelligence tests do not consider abilities to coordinate with others nor to manage dependencies 

of work. Study 1 showed that groups with intelligent group members performed well on low-

coordination tasks, but did not perform any better on high-coordination tasks than groups with 
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members of lower intelligence. Early research on the effects of intelligence in groups also 

suggested the effects of intelligence in groups is limited because collaboration is different from 

individual-level tasks (O'Brien & Owens 1969). Thus, one cannot conclude that a group of more 

intelligent individuals will be better at completing coordination activities. 

Coordination activities performed in groups require skills beyond the cognitive ability to 

complete individual tasks. Coordination activities do not involve completing individual cognitive 

work; rather, they involve interaction with other individuals. Such activities require other 

individual characteristics besides individual intelligence, perhaps such as propensity to 

cooperate, or social sensitivity. Woolley et al. (2010) found that social sensitivity, the ability to 

read visual cues in the expressions of others, was important in face-to-face group performance 

across many types of tasks. Group tasks that require more coordination activities (as opposed to a 

simple combination of production activities) will require such collaborative skills and will see 

less of an effect of individual intelligence on total group performance.  

Group tasks that require few coordination activities are similar in nature to individual 

tasks. The essential definition of individual intelligence is that an intelligent individual is one 

who performs well on a variety of individual tasks. Therefore, groups with higher individual 

intelligence should perform better on tasks that are more production-focused tasks than 

coordination-focused. 

This suggests that introducing a technology-based or structural intervention to change 

coordination-focused tasks to be more like production tasks, by removing some coordination 

activities or converting them to production activities, should help groups with individually 

intelligent members to perform better. 
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Collective Intelligence 

If a technology or re-structuring intervention is used to make the effect of individual 

intelligence more consistent across all tasks, such an intervention should also lead to a 

facilitation of collective intelligence, and in such cases, individual and collective intelligence 

would be highly correlated. 

Collective intelligence is defined as the ability of a group to perform consistently well 

across multiple types of tasks (Woolley et al. 2010). Woolley et al. (2010) found that groups 

working face-to-face have a certain level of collective intelligence, yet Study 1 indicates that in 

virtual groups where visual cues are limited, collective intelligence does not emerge. Groups 

communicating virtually refer less to personality cues and physical appearance, and have 

increased opportunities to self-censor, than face-to-face groups, where behavior is sometimes 

biased by physical appearance (McCauley 1998; Walther 1996), so the collective intelligence 

factor in face-to-face groups, highly dependent on social sensitivity, does not apply in many 

forms of virtual group work. 

In other words, the collective intelligence of a group might only be developed under 

certain circumstances. Some groups may be more “intelligent” (i.e., high performing) than 

others, but only when the conditions are right. No research has examined ways to use technology 

to structure virtual group work in such a way that facilitates the cultivation of collective 

intelligence within groups. 

Essentially, this study seeks to answer the following research question: Can virtual group 

work be altered through technology, not only to make the effects of intelligence on group 

performance stronger, but also to lead to more consistent group performance (i.e., collective 

intelligence)? While previous group research usually focuses on one task at a time, this research 
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will help organizations understand under what conditions groups with intelligent members will 

perform better. More importantly, this research will inform organizations how to use technology 

to structure tasks in order to better leverage the intelligence of group members and facilitate the 

“collective intelligence” of groups. 

Theory and Hypothesis Development 

Integrating Group Theories to Understand Where Intelligence Fails 

Before proposing a specific tool or structure to improve collective intelligence and help 

groups leverage the individual intelligence of their members, it is essential to first understand the 

general process that groups follow when completing group tasks, in order to pinpoint the areas of 

the process that are most difficult for groups. 

Coordination theory, as described above, indicates that groups perform two types of 

activities—production and coordination. Groups are generally capable of completing production 

activities, and are usually provided with production tools. However, groups often struggle with 

coordination issues and do not have skills or tools to address them. Two other theories can give 

insight, particularly for groups working virtually.  

Time, Interaction, and Performance (TIP) theory (McGrath 1991) states that as groups 

work together, they go through four “modes of activity”: (1) inception and goal choice, (2) 

solution of technical issues, (3) resolution of conflict, and (4) execution of performance 

requirements. The four modes are not a fixed sequence of phases; rather, they are a set of 

alternative kinds of activity that group members engage in at any given time. In other words, 

groups have certain coordination activities (Modes 1-3), and production activities (Mode 4) that 

they complete, and they alternate working in these different modes. TIP theory assumes that a 

group will use the least complex path through these modes that its resources and circumstances 
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will allow. In other words, they try to minimize the difficult coordination activities to follow a 

less complex path of work. 

Media synchronicity theory (Dennis et al. 2008) states that groups have two types of 

information coordination that they must manage—conveyance and convergence. Conveyance is 

the sharing of information, while convergence includes coming to consensus on decisions or 

goals. Both types of coordination are important to a group’s success, but conveyance and 

convergence requirements differ by task, and different types of processes and media are required 

to address the different types of coordination issues, with distributed groups facing additional 

challenges with difficult types of coordination (Dennis et al. 2008). 

Based on these theories and previous literature on virtual group work, I conclude that at 

least four main coordination issues inhibit the effects of intelligence in unstructured virtual group 

work.  

First, group members fail to share and/or integrate important information or ideas from 

others, even when the communication media allows group members to look at what others have 

previously said in the discussion (Dennis 1996). TIP theory suggests that groups will try to 

follow a less complex path of work; this often means that group members will only consider their 

original preferences and biases when trying to complete work, rather than completing the more 

cognitively difficult task of integrating new information (Huang, Hsu, & Ku 2012). 

Second, group members attempt to solve problems at the same time without seeing what 

other group members are working on (Thissen et al. 2007). Again, this coordination issue results 

from group members trying to complete the task efficiently and in the simplest way, as suggested 

by TIP theory. 
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Third, groups have difficulty arriving at consensus due to inability to resolve differing 

preferences (Dennis et al. 2008). Resolving conflict is one of the major steps of completing work 

as a group (McGrath 1991), yet, according to media synchronicity theory, group members are 

often not equipped with the right media or technology (or even skills) to effectively resolve these 

differences. 

Fourth, group members often concede to others without sharing or defending their own 

ideas (i.e., groupthink) (Janis 1982). Again, as group members try to simplify the process of 

working with others and follow the path of least resistance, they often forego the work of careful 

coordination in order to more quickly arrive at a solution. 

Technology can be used to assist groups with each of these coordination issues and 

mitigate process losses that occur as a result of working in a distributed manner, but prior 

research indicates that simply having technology available does not necessarily make groups 

perform better (Dennis 1996). Groups must understand the proper way to coordinate their work, 

be trained to use the proper tools to help them do so, and actually use the tools in a manner that 

brings the benefits the tools are designed to enable. A set of tools that can address common 

coordination issues is listed in Table 2.1. 

Technology and Tools to Facilitate Coordination 

Prior research indicates that when designing technology or processes for organizations, 

those implementing such interventions need to consider that cognition is distributed and such 

interventions should facilitate interdependent individuals in their coordination efforts (Boland et 

al. 1994; Cataldo et al. 2006). 

First, to help group members share and integrate important information, technology can 

provide a shared space where group members are encouraged to share and find information 
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critical to the task. In many technologies, and even in face-to-face settings, discussion of 

information can get easily lost or forgotten after spoken or written. However, if a more 

“permanent” space is provided for group members to record information most pertinent to the 

task at hand, group memory will be improved and group members will be more likely to use the 

best information when completing the task (Wittenbaum 2003). 

Table 2.1. Summary of coordination issues in virtual group work and suggested tools to 

address them 
Type of 

coordination 

Coordination issues that inhibit 

intelligence effects 

Tools that facilitate coordination in group work to improve 

collective intelligence (GCS Toolset) 

Conveyance (1) Group members fail to share 

and/or integrate important 

information or ideas. 

(2) Group members attempt to 

solve a problem as a group 

without seeing all the work at the 

same time. 

(1) Provide a shared space where every group member is 

encouraged to share and integrate information; keep this space 

separate from the back-and-forth dialogue of the group. 

(2) Provide a shared space where group members are able to 

edit and work on problems simultaneously AND/OR provide a 

common tool so that work can be divided among individuals 

with resulting work easily shared with the group. 

Convergence (3) Groups can’t come to 

consensus due to inability to 

resolve different preferences or 

perspectives. 

(4) Group members concede 

without sharing or defending 

their own opinions or ideas for 

alternatives (groupthink). 

(3) Provide decision-making tools such as a decision matrix, 

where group members must explicitly list alternatives, criteria, 

and weighting, and specific areas of disagreement are 

highlighted by the tool. 

(4) Provide anonymity in providing and rating of alternatives 

and criteria; encourage or require all group members to rate 

alternatives individually before sharing ratings with group 

members. 

 

Second, to help group members work simultaneously on a problem, technology can allow 

distributed group members to edit and work on problems in real-time. Technologies that require 

group members to work individually increase coordination costs as individuals have to send 

documents or information back and forth, leading to possibilities of missed or lost information or 

even duplicating work. For example, online spreadsheets and document tools such as Google 

Docs or Office Online may be preferable to traditional files saved and emailed back and forth. 

Addressing the third and fourth issues above, to help groups achieve consensus and 

overcome groupthink, technology-based decision matrices provide a way for group members to 

anonymously rate alternatives and criteria, view areas of consensus, and see areas of 
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misunderstanding (Nunamaker et al. 1991). In a decision matrix, group members explicitly list 

each decision alternative across the top row, and each decision criteria down the first column. A 

decision matrix can also include a set of weighted percentages for the criteria. Then, each group 

member individually votes or rates each alternative/criterion combination on a pre-determined 

scale. The ratings are combined and displayed in the cells of the group matrix, with areas of 

disagreement highlighted.  

One of the most difficult coordination aspects of group work is decision making because 

it can be hard for group members to agree on what criteria are important and to truly understand 

what part of the decision process leads to disagreement (Dennis 1996). These issues are 

exacerbated when groups work without social cues that might be helpful in coming to agreement 

in face-to-face situations (Galegher & Kraut 1994). By using a decision matrix, group members 

can easily see areas of disagreement or misunderstanding. For example, without such a tool, 

group members might spend unnecessary time discussing criteria that everyone already agrees is 

important (or not). The tools helps group members see what alternatives or criteria causes the 

difficulty in the decision. 

Further, by making the decision matrix anonymous, particularly the voting/rating aspect, 

groups can avoid groupthink and other biases present because each individual’s opinion is 

considered independently of others. 

The use of such tools is not new, but no research has examined how to apply these tools 

to promote individual and collective intelligence in virtual group work. In practice, these tools 

can be implemented in a variety of technologies. 
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Group Coordination Structuring 

Based on the theory and results of Study 1, I propose that if high-coordination tasks can 

be structured more like production-focused tasks, with the help of such technology and 

structuring as described in the previous section, then the individual intelligence of group 

members will have a greater effect on group performance than for unstructured groups. Further, 

performance of groups across tasks will be more consistent as they have the tools and 

understanding to address the various types of coordination required across tasks. Using the 

theory presented in the previous sections, I propose a technology-based technique that should 

facilitate coordination and thus allow all types of tasks to be performed intelligently. Essentially, 

providing groups with appropriate coordination tools and training them how to coordinate should 

make performance more consistent. 

This technique, which I refer to as Group Coordination Structuring (GCS), should 

facilitate coordination and convert high-coordination tasks into production-focused tasks, 

resulting in more consistent effects of individual intelligence on group performance and the 

facilitation of collective intelligence. 

The central idea underlying GCS is that group tasks should be structured ahead of time, 

with the planned use of a set of technology-based tools, to facilitate coordination in groups. 

Thus, the coordination aspect of group work will become more routine production work which 

can be easily completed, leveraging the intelligence of individual group members together. The 

technique involves several steps or requirements, which, to some extent, follow the basic 

characteristics of the Delphi technique (Linstone & Turoff 1975), although in a more generalized 

manner that suits a variety of tasks beyond forecasting or pure decision tasks. The process is also 
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similar to Collaboration Engineering in that unique requirements of the task are considered when 

structuring and selecting technology to support the task. 

Importantly, the proposed Group Coordination Structuring technique is a set of “pre-task” 

structuring requirements. Because the technique seeks to leverage the intelligence of group 

members for all different types of tasks, the technique does not make any specific requirements 

of how a task is to be carried out. Rather, the technique specifies how tasks should be planned 

ahead of time, and what type of tools groups should plan to use for coordination, before groups 

ever begin actually working on the task. While carrying out pre-task work in the Group 

Coordination Structuring technique, facilitators or groups should not make decisions or opinions 

regarding the content of the task. Instead, they are to focus on the structure required in order to 

complete the task.  

The first step of GCS is that a task initiator (e.g., facilitator, group leader, stakeholder, or 

in some cases the group as a whole) should explicitly consider the coordination required in a 

given task, assignment, or project (Nunamaker et al. 1991). Specifically, this person or group 

should consider the type of information to be shared among group members, the decisions to be 

made by the group, and known alternatives or criteria for making group decisions. By 

considering these requirements of the task, the facilitator will be able to determine what tools the 

group will need to use in order to complete the task. 

Second, based on the coordination requirements, the facilitator selects what technology 

and tools the group will use to carry out the task. Virtual groups typically start with tools in place 

for production and communication, but they often have no plan or tool to help with coordination. 

Using Group Coordination Structuring, the task initiator selects a tool or tools such as those 

listed in Table 2.1—which I refer to as the GCS toolset—in addition to any needed production 
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and communication tools. Without such tools, groups may not know how to coordinate their 

work, and they likely will face many of the issues addressed above in Table 2.1 unless they have 

the necessary skills for group coordination.  

Again, it is important to note that the tools and technologies in the GCS Toolset are not 

new. Previous research has focused on proposing such tools and related processes and has tested 

whether these tools can improve group work in the context of a specific task type. My focus is 

not to propose a new technology or to test whether these tools improve group performance on a 

given task directly.  

Rather, my focus is to show how planning and structuring ahead of time to use specific 

tools to reduce coordination costs can improve the effects of individual intelligence and lead to 

more consistent group performance—i.e., collective intelligence—across any type of task. This 

unique focus addresses the issue of assisting group work through technology from a new 

perspective, focusing on increasing the positive effects of individual characteristics and 

improving the performance of a group as a whole across many types of tasks. 

Once the facilitator or group has identified the key areas of conveyance and convergence 

required to complete a task, and has selected appropriate tools and technologies from the GCS 

Toolset, the third and final step of the GCS technique is to create a plan of action, specifically 

planning the steps that groups should follow to complete the task using the chosen technologies. 

In other words, this step involves creating a plan that encourages groups to use the chosen 

technologies rather than emphasizing production at the expense of adequate and effective 

coordination. The plan of action should specifically list how use of the tools will be carried out 

(i.e., at what point group members work individually, when they convey information, etc.). 
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As part of this third step (i.e., creating a plan of action), task initiators should consider 

each of the potential coordination issues listed above in Table 2.1, and should plan specific steps 

to address these coordination issues. Otherwise, there will be no plan for how to coordinate, and 

the individual intelligence of group members will not be enough to solve the coordination 

problems. For example, always plan to have groups first share critical known information before 

any production work is done and before any group decisions are made. Conveyance tools should 

be selected that easily encourage this upfront sharing of information. Without conveying the 

critical information from the start, groups are doomed to face high coordination costs later in the 

task (e.g., clarifying misunderstandings, deadlock in decision consensus based on incomplete 

information, etc.) 

Example Implementation of the Group Coordination Structuring technique 

To demonstrate what Group Coordination Structuring would look like in practice, 

consider an example of a “real-world” group problem. In this example, a group of friends is 

looking for an apartment to live in together for the coming school year. One of the friends, Bob, 

knows that the group of friends may have some issues deciding on an apartment because the 

group of friends has differing preferences and criteria for choosing a place to live. Bob decides to 

structure the apartment-searching task (in this case, using what I call Group Coordination 

Structuring) so that the group can make the best decision and no feelings will be hurt.  

The first step of GCS is that Bob explicitly considers the coordination required in the 

apartment-searching task, along with the potential issues that the group could face in completing 

these coordination activities. Bob decides that the coordination requirements include (1) 

conveying important criteria such as price and proximity to campus, (2) brainstorming potential 
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apartment complexes, (3) sharing known information about the potential complexes, and (4) 

coming to consensus on one apartment that will please everyone in the group of friends.  

Based on these requirements (and Bob’s excellent knowledge of group coordination), 

Bob realizes that there might be a few issues that arise while the group discusses potential 

options. Specifically, the group might have issues with (1) group members not sharing all known 

information about the apartment complexes, (2) group members trying to make a decision 

without considering known information from other group members, (3) difficulty coming to 

consensus due to differing preferences, and (4) groupthink among the friends. 

Again, because Bob is well-versed in group coordination literature, he realizes that to 

address these coordination issues, it might be wise for the groups to use some technology to help 

them in the task. This is the second step of GCS. Bob decides that the group should start a shared 

spreadsheet where the friends can jointly brainstorm a list of apartment complexes and list 

information about what they know about them. They can also use the spreadsheet to list what 

criteria is important in making the decision. This shared spreadsheet should address the first two 

coordination issues (i.e., sharing information and considering information of others). To address 

the third and fourth issues, Bob decides that the group should try using a decision matrix, where 

each individual can anonymously vote on which alternatives and criteria they prefer, thus helping 

the group focus on areas of disagreement and allowing everyone a voice in the decision process.  

The third and final step of GCS is to create a plan of action, specifically planning the 

steps that groups should follow to complete the task using the chosen technologies. Bob puts 

together an action plan so that his group of friends can easily go through the steps of deciding on 

an apartment. He is confident that with this plan of action and his selected tools, the group of 

friends will be able to make a decision that best fits everyone’s interests. A set of screenshots 
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displaying Bob’s proposed plan of action, shared spreadsheet, and individual voting tool 

(implemented in Google Sheets) is shown in Figure 2.1. 

 
 

 
Figure 2.1. Screenshots of shared spreadsheet – including action plan – and individual 

voting sheet for the example apartment-searching task 

 

Hypothesized Effects of Using the GCS Technique and Toolset 

By structuring group work using the Group Coordination Structuring technique, 

facilitated by using technology from the GCS Toolset, groups will be better equipped to face 

common group coordination issues. GCS reduces coordination issues by providing groups with 

tools and processes that are specifically designed to address group coordination. 
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By providing structure to high-coordination tasks, the coordination aspects of group work 

are essentially converted to production activities rather than difficult-to-manage coordination 

dependencies. Production-focused tasks utilizing GCS likely will not see much difference, as the 

technique is only used to facilitate coordination activities, which are not as common in 

production-focused tasks. 

As coordination-focused tasks become more like production-heavy tasks, groups will be 

able to better utilize the intelligence of their members, with intelligent group members being able 

to accomplish all aspects of the task, whether production or coordination, better than if the group 

was left unstructured and the Group Coordination Structuring technique not used. 

In other words, as groups use the Group Coordination Structuring technique, the work 

that they must perform involves less coordination, and group members can instead focus on the 

production portion of the task. Because individual intelligence, by definition, predicts 

performance across tasks, the relationship between individual intelligence and virtual group 

performance will be strengthened as the group coordination aspects (those unique issues not 

inherently improved by individual intelligence) are removed from the group’s tasks. 

As groups face difficult coordination issues, such as those listed in Table 2.1, group 

members often fail to carefully resolve the issues. The result is that, no matter how intelligently 

group members perform on the production portion of group work, group coordination issues such 

as lack of consensus, lack of information integration, and groupthink cause the performance of 

the group in high-coordination tasks to suffer. When groups use the right processes and tools to 

address these issues, group performance will benefit from the individual intelligence of group 

members as they perform well on the remaining production activities of the group tasks. 
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Hypothesis 2.1: For high-coordination tasks, the relationship between individual 

intelligence and group performance will be stronger for groups using GCS than for 

groups not using the technique. 

Developing Collective Intelligence 

The Group Coordination Structuring technique should also lead to more “collectively 

intelligent” groups if the intervention creates consistently high performance across multiple types 

of tasks. Study 1 indicates that collective intelligence only emerges under certain conditions 

(e.g., in groups working face-to-face (Woolley et al. 2010)), and that the performance of groups 

in other conditions is not necessarily consistent but depends more on task type due to the 

differing difficult coordination issues involved in many different types of tasks.  

However, if groups can use GCS so that tasks are all similarly low in coordination costs, 

group performance will be consistent across the tasks, allowing the group to be more collectively 

intelligent. In other words, when groups use GCS, the group coordination aspects of the work are 

reduced, and the group is able to focus on effectively performing the production aspects of the 

task. Because the intelligence of group members will predict how well these group members 

accomplish the production aspects of tasks, the performance of the group across virtual tasks 

should be consistent. 

Difficult coordination issues, such as those listed in Table 2.1, cause group performance 

to be inconsistent across tasks. Varying types of group task requiring differing types of 

coordination will involve different coordination issues, and without the right tools, group 

performance will suffer on certain tasks, leading to inconsistent results. However, when groups 

use the right tools, following the GCS technique, these coordination issues will no longer 

interfere with their consistent performance on production activities. 
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Hypothesis 2.2: A collective intelligence factor will emerge in groups that use the Group 

Coordination Structuring technique. 

In the Woolley et al. (2010) studies, collective intelligence was only slightly correlated 

with the individual intelligence of group members (both average and maximum), and individual 

intelligence, unlike the collective intelligence factor, was not related to group performance on the 

complex task. Only social sensitivity was a significant predictor of collective intelligence. 

However, by using GCS, group performance will be more highly related to individual 

intelligence because the individual intelligence of each member directly affects their individual 

performance on the production activities of the group. Few coordination activities will interfere 

with this relationship. Thus, when groups use the intervention outlined in this research, groups 

with members having higher individual intelligence will be more collectively intelligent. 

Hypothesis 2.3: For groups using the Group Coordination Structuring technique, 

individual intelligence will be positively related to collective intelligence. 

Hypotheses are summarized in Figure 2.2 below. 

 

 
 

Figure 2.2. Study 2 hypotheses  
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Methods 

Participants 

Participants were 540 undergraduate students in a large university business school. These 

participants were organized into 129 groups of 3-5 members. Students were offered course extra 

credit as an incentive to participate. 

Tasks and Performance Measures 

At least three tasks are needed in order to calculate a collective intelligence factor. 

Groups completed three tasks with a range of production and coordination activities—(1) a 

brainstorming task (high-production, low-coordination); (2) a decision task with alternatives 

provided (high-coordination, low-production)—namely, the college admissions task; and (3) a 

more complex task that involves generation, decision, and optimization of solutions (high-

coordination, high-production)—namely, the candy profitability task. 

The brainstorming task was identical to that used in Study 1 (see the Methods section of 

Study 1 for complete details). The college admissions task was also very similar to that used in 

Study 1; that is, participants were given a set of potential candidates applying to the university 

and were instructed to admit a subset based on the likelihood that the students would be 

successful academically at the university. However, the task was modified to include more 

possible candidates to increase the variability in performance scores. Specifically, while the task 

in Study 1 consisted of four candidates (potential range of scores 0-4), Study 2 consisted of eight 

hypothetical candidates applying to the university (potential range of scores 0-8). Because the 

task involved more information and hypothetical candidates, groups were given up to 20 minutes 

to work on the task. The modified task was validated against official university admissions 

guidelines. 
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While the first two tasks used in this study are simple tasks that focus on production and 

coordination, respectively, most real-world group tasks often require both production and 

coordination. For most realistic tasks, groups must brainstorm, negotiate, decide on, and execute 

strategies to complete the task (McGrath 1991). Thus I elected to use a more complex third task 

– the candy company profitability task (Mennecke & Wheeler 2012; Raghavan 1990). In this 

task, groups are asked to make a distribution decision about a hypothetical candy production 

firm. Each group member is assigned as a division manager with specific resources needs, and 

group members are given information about the profit margins of each division. The groups are 

asked to make a decision of how to distribute two key ingredients to the various divisions to 

maximize profits for the company. Groups were given 30 minutes to complete this task. The 

performance score for the task is the standardized maximum profit per division that could be 

achieved by the hypothetical company based on the distribution of the ingredients. 

Using this task, groups were required to convey information about individual divisions, 

produce ideas for how to address the problem, converge on an appropriate path to follow to solve 

the problem, and produce a solution. Thus, the task would be considered high in both 

coordination and production activities. 

Treatments 

This study consists of two randomly-assigned between-subjects treatments. The Group 

Coordination Structuring technique (experimental) treatment was used for 64 groups. In the 

control treatment (remaining 65 groups), groups completed the tasks with no extra structure or 

special software provided—instead, completed the tasks in whatever manner they decided most 

appropriate given the basic instructions, communication software, and tools to record their 

answers. Essentially, groups in the control treatment completed the tasks in the same manner as 
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all groups in Study 1. All groups had Google Spreadsheets available to them, though only the 

groups in the GCS treatment had the Spreadsheets set up based on the GCS technique (the 

control treatment groups decided how they wanted to use the spreadsheets). 

In the GCS treatment, groups used tools from the GCS Toolset to complete the given 

tasks. For the purposes of this lab experiment, the GCS Toolset was implemented using Google 

Sheets (see Appendix B for full details). Before completing any group tasks, the groups received 

a training on the Google Sheets tools available to them, using an example task explained by the 

experiment facilitator. Because the GCS Toolset is designed to be tailored to individual tasks and 

requirements, the groups used a unique set of Google Sheets for each of the three tasks that were 

designed before the experiment starts. Further, the tasks were structured to follow specific steps 

to use the technology to come to a solution.  

For example, because the brainstorming task consists only of production activities, the 

groups used the Google Sheets only to brainstorm as a group. This task structure is not materially 

different from the structure used for brainstorming in the control group because the GCS Toolset 

is meant only to leverage the intelligence of members during coordination activities, of which 

there were none in the brainstorming task.  

In the decision task for GCS groups, the decision matrix was set up with the various 

candidate alternatives in place. The Spreadsheets also contained areas designated for sharing 

information. The groups received a suggested group action plan, which directed them to first 

share information about candidates in a section of the tool designed for conveying critical 

information. Second, it directed groups to fill out the decision matrix with relevant criteria. The 

third step of the suggested action plan was to vote and discuss disagreements iteratively, and 

finally, groups recorded the final decision.  
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In the control group, the facilitator suggested that groups share information, and allowed 

groups to do so as they saw fit, but the facilitator did not provide the explicit GCS structure or 

tool (such as a decision matrix or area designed to share information), instead letting the group 

decide the best way to complete the task and use the spreadsheet as they liked. Groups in the 

control condition had enough time to decide on how to complete the task. Some groups decided, 

on their own, to create tables or matrices or various other uses of the spreadsheet to help them 

perform the task better. 

In the candy profitability task, groups were given an area to share information and an area 

to complete mathematical calculations. They also received a suggested action plan that directed 

them to complete several steps. First, it was suggested that they share the critical information 

about each division in the section designed for conveying critical information. Second, group 

members were directed to generate possible alternative methods to solve the problem. Third, 

groups were to discuss and decide among proposed alternatives. Because only one criterion is 

relevant (profit), groups should not need a decision matrix in order to select the best alternative. 

Fourth, the groups were to carry out the proposed alternative, solving the problem and making 

adjustments where necessary. In the control condition, groups were allowed time to discuss how 

they would complete the problem and what technology they might use—however, no explicit 

technology or structure is provided beyond the communication tool and the shared Google 

Sheets. 

In theory, groups using GCS structured tasks should perform better than groups not using 

the technique, but the research question is not whether groups will simply perform better; rather, 

the question is whether the technique can leverage the intelligence of group members, change the 
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relationship between intelligence and group performance, and encourage consistent performance 

(i.e., collective intelligence) across different tasks. 

Independent Variable Measures and Control Variables 

Individual intelligence is the ability of an individual to perform well across a variety of 

cognitive tasks (Devine & Philips 2001; Woolley et al. 2010). Participants completed the 

Wonderlic Personnel Test, a cognitive ability exercise that has been validated by academic 

researchers (Dodrill 1983; Dodrill & Warner 1988) and used in numerous studies (Blickle et al. 

2010; Simon et al. 1996; Woolley et al. 2010). The test consisted of 50 questions to be answered 

in a period of 12 minutes. For each group, the average and maximum score was calculated. 

Control variables were also collected. These variables include task order, group size, 

motivation, age, native language, and gender. Gender was measured in two ways, both of which 

have been shown to impact group performance: (1) as a percentage of the group that is female 

(Woolley et al. 2010) and (2) Blau’s diversity index, with a higher number indicating more 

diversity of gender in the group (Hoogendoorn, Oosterbeek, & van Praag 2013). All other 

variables were averaged at the group level. 

Other constructs that may predict collective intelligence were also measured in order to 

test their correlation with the collective intelligence factor. These include social sensitivity, 

individual propensity to cooperate, individual propensity to trust, emotional intelligence, group 

motivation, cohesiveness, implicit coordination, and mutual trust. I also collected a measure of 

perceived group intelligence and perceived group performance to compare against actual 

measured task performance and collective intelligence. I also collected survey questions about 

the perceived coordination and production requirements of the various tasks and the perception 
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of coordination support provided by the technology used. A full list of survey items is included 

in Appendix C. 

Procedures 

Data was collected in computer labs in the business school. Participant groups were 

randomly assigned to one of the two treatments. Participants sat at individual workstations where 

they did not see the computer screens of other participants. Participants first completed the 

Wonderlic intelligence test, then completed the “Reading the Mind in the Eyes” test (to test 

social sensitivity, as described in Study 1). For groups in the GCS treatment, the next step was to 

receive a brief training on the GCS Toolset (in this case, the Google Sheets that have been set up 

for them). As part of this training, the facilitator demonstrated the apartment-search task 

summarized above. In the control treatment, groups were instructed to use Google Sheets as their 

tool and to use the tool as they considered best.  

Next, participants completed the three group tasks as randomly-assigned groups of 3-5 

members. All groups communicated using only Google Chat software, which is a commonly 

used text-based CMC tool that is similar to other text-based CMC tools. Generic Google 

accounts were used for the study (e.g., “teammember.a1”). The three tasks were completed in 

random order. After the tasks, participants completed a survey online, which measured 

demographic variables and an attention check to filter out any participants who did not complete 

the study seriously. This survey also included other measures as outlined in Appendix C. One of 

these measures was a manipulation check, which asked participants in the GCS treatment to what 

extent their groups followed the suggested Group Action Plan and used the coordination tools 

and techniques suggested in the training. Groups who reported not using the tools and techniques 

as instructed were removed from the dataset as failing the experimental manipulation. 
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Several sessions of pilot tests were completed to refine the script, procedures, and timing. 

Analysis and Results 

Data Preparation 

Each of the three tasks were scored by two people to ensure accuracy. In the case of the 

brainstorming task, multiple coders subsequently assessed which lines of text were actual ideas 

and which were not (e.g., some lines included redundant ideas or non-idea communication). 

Inter-rater reliability calculations were performed on the overlapping subsets that were coded 

(50% of the total number of idea sets). These calculations indicated adequate agreement among 

raters (Fleiss’ kappa = 0.78)4. 

Because different group sizes might affect the performance scores of virtual groups, I 

standardized all task scores within group sizes. That is, when performing analysis on task scores, 

I always consider the z-score within each group size rather than the raw performance score of the 

groups. 

Twelve groups were removed from the dataset for experimental manipulation failure. 

During the post-survey, individuals (in the GCS condition only) were asked to what extent their 

groups followed the instructions in the suggested action plan, using the suggested coordination 

tools and techniques. This survey question was on a 7-point Likert scale. Twelve (of the 64 GCS) 

groups were identified as not following the suggested action plan. For these groups, the average 

reported level to which they followed the plan was less than 4 on a 7-point scale. In other words, 

rather than testing the effect of simply giving groups an action plan with the associated 

                                                 

4 A Fleiss’ kappa equal to 0 would indicate that inter-rater agreement was no better than if ideas were coded 

completely at random. A Fleiss’ kappa equal to 1 would indicate perfect agreement. 
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coordination tools and techniques, the goal of this study is to test the hypotheses for groups who 

actually followed the GCS technique as instructed. 

GCS Effect on Individual Intelligence / Group Performance Relationship (Hypothesis 2.1) 

Hypothesis 2.1 proposed that in high-coordination tasks, the relationship between 

individual group member intelligence and group performance should be stronger for groups 

using GCS than for groups not using the technique. Correlations between intelligence and the 

three tasks are shown in Table 2.2 below. 

Table 2.2. Correlations between group task performance and individual IQ 

 GCS Treatment Control Treatment 

 1 2 3 1 2 3 

1. Brainstorming task       

2. College admissions task 0.254†   0.223†   

3. Candy profitability task 0.133 0.179  -0.109 -0.264*  

4. Average intelligence 0.166 0.212 0.327* 0.123 -0.147 0.093 

*p < 0.05; †p < 0.10 

 

For the candy profitability (high-coordination) task, the correlation between individual 

intelligence and group performance was statistically significant in the GCS treatment (r = 0.327; 

p = 0.032), but not significantly different from zero in the control treatment (r = 0.093, p = 

0.470). For the college admissions (high-coordination) task, the correlation between individual 

intelligence and group performance (r = 0.212) was not significantly different from zero (p = 

0.153), but it was significantly higher than in the control treatment (r = -0.147, a difference of 

0.359). For the brainstorming (low-coordination) task, the correlation was similarly low in both 

the GCS and control conditions. These correlations provide initial support for Hypothesis 2.1. 

To more formally test this hypothesis, I used hierarchical linear modeling (HLM) 

(Hoffman 1997; Raudenbush & Bryk 2002). HLM is a form of regression that considers multiple 

levels of analysis in one statistical equation. It has been used in previous information systems 
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research where traditional regression techniques are not appropriate due to nested data (Ang, 

Slaughter, & Ng 2002; Ko & Dennis 2011). In this case, HLM was used in order to test the 

impact of the GCS treatment on the relationship between individual intelligence and performance 

for multiple tasks. Regular regression models would not be appropriate to test the relationship for 

multiple task performance scores in a single equation; results would have to be reported 

separately for each task. However, HLM has the power to consider multiple task scores at once 

by modeling task and group variables in separate levels of analysis. 

In this two-level HLM model, I included performance scores on the two high-

coordination tasks (candy profitability and college admissions) because I hypothesized that the 

treatment would have an effect in high-coordination tasks. A robustness test including all three 

tasks is detailed in Appendix D.  

The lowest level (level 1) of the HLM model is the task and its characteristics; the second 

level (level 2) is the group and its characteristics. The level 1 (task) equation is: 

Performance (z-score) = β0 + β1(Task) + β2(Order1) + β3(Order2) + β4(TaskMotivation) + r , 

where Task indicates which task was being performed (candy profitability = 1; college 

admissions = 0); Order1 and Order2 indicate whether the task was performed first, second, or 

third by the group; TaskMotivation is the level of team motivation (as self-reported) for the 

given task; r is an error term. β0 is the intercept, which is defined by the level 2 (group) equation: 

β0 = γ00 + γ01(Treatment) + γ02(AvgIndIQ) + γ03(Treatment x AvgIndIQ) + γ04(GenderDiversity) + 

γ05(%NativeEnglish) + γ06(AvgAge) + u0 , 

where Treatment indicates whether the group was in the GCS (= 1) or control (= 0) 

treatment; AvgIndIQ is the average individual intelligence in the group; Treatment x AvgIndIQ 

is the interaction effect to test Hypothesis 2.1 (that the effect of individual IQ on performance is 

stronger in groups using GCS); GenderDiversity is a measure of a group’s gender makeup 
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(Blau’s diversity index5); %NativeEnglish is the percentage of the group that are native English 

speakers; AvgAge is the average age of group members; and u is the error term. 

The HLM model tests how the GCS technique changes the effect of individual 

intelligence on performance across tasks at the same time, using an interaction variable 

(treatment x IQ) as one of the predictors in the model. Again, the hypothesis was not to test the 

direct effect of the GCS treatment on performance, but rather to see whether the treatment can 

strengthen the relationship between intelligence and performance in high-coordination tasks. 

Results are shown in Table 2.3 below. 

Table 2.3. HLM results 

Level 1 variables 

     Level 2 variables 
Coefficient 

Standard 

Error 

(Robust) 

T-ratio p value 

Intercept (β0)     

     Intercept (γ00) 0.029 0.058 0.500 0.618 

     Treatment (γ01)** -3.041 0.858 -3.544 0.001 

     AvgIndIQ (γ02) -0.036 0.022 -1.640 0.104 

     Treatment x AvgIndIQ (γ03)** 0.109 0.030 3.585 0.001 

     GenderDiversity (γ04)** -1.146 0.377 -3.042 0.003 

     %NativeEnglish (γ05)* 0.600 0.290 2.066 0.041 

     AvgAge (γ06) 0.100 0.126 0.795 0.428 

Task (β1) -0.023 0.150 -0.1573 0.876 

Order1 (β2) -0.255 0.151 -1.680 0.094 

Order2 (β3) -0.067 0.176 -0.378 0.705 

TaskMotivation (β4) 0.165 0.149 1.103 0.272 

*p < 0.05; **p < 0.01     

 

These results indicate a significant interaction between treatment and individual 

intelligence (p = 0.001), meaning that the effect of intelligence on performance (across tasks) is 

stronger for groups using the GCS technique. This supports Hypothesis 2.1. As expected, the 

                                                 

5 A separate model was run where % female replaced Blau’s diversity index for gender. Results obtained were 

essentially the same, with similar estimates and statistical p-values for the hypothesized variables. In this model, % 

female was not statistically significant (p = 0.522). 
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main effect of intelligence on performance was not significant. Only by using GCS were groups 

able to better leverage the individual intelligence of their group members. 

Collective Intelligence in GCS Groups (Hypothesis 2.2) 

Hypothesis 2.2 proposed that a single collective intelligence factor should emerge in 

groups that use the Group Coordination Structuring technique. In other words, for groups using 

the technique, performance should be consistent across tasks, with one factor explaining a large 

portion of variance in performance scores. This hypothesis was tested using correlations and 

factor analysis, following the procedures of Woolley et al. (2010) and Study 1 of this 

dissertation. The first criterion in finding a collective intelligence factor is that the average 

correlation between task scores should be positive. The correlation table for groups using the 

GCS technique is shown above in Table 2.2. As calculated from the table, the average pairwise 

correlation between task scores was 0.189, which is small but positive. 

The next step to identify an intelligence factor, whether individual or collective, consists 

of a factor analysis of performance scores on a variety of tasks (Deary 2000; Woolley et al. 

2010). The results of this analysis are shown below in Figure 2.3. 

There are four criteria against which to judge the results of the factor analysis to find 

evidence of a single intelligence factor (Woolley et al. 2010). First, one factor should emerge 

from the factor analysis, with all task performance scores loading positively on the factor. (As a 

comparison, in Study 1, two factors emerged.) In the GCS groups, a single factor emerged, with 

all three task scores loading positively on the factor. Second, the intelligence factor should 

account for 30-50 percent of the variance, with the next component accounting for significantly 

less. In the GCS groups, the factor accounted for about 46% of variance, and the second 

component accounted for about 29%. Third, an intelligence factor should have an eigenvalue of 
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at least 1.38. The factor in this analysis had an eigenvalue of 1.38. Finally, the results should 

demonstrate an obvious elbow in the scree plot. In the GCS group, there is a distinguishable 

elbow in the plot. Thus, a single intelligence factor emerged, and Hypothesis 2.2 is supported. 

 
Figure 2.3. Collective intelligence factor analysis results 

 

As a comparison, in the control treatment the average pairwise correlation of task scores 

was -0.05. In a factor analysis of the control treatment, a single factor emerged, but not all tasks 

scores loaded positively on the factor. Given the negative correlations and factor loadings, the 

factor cannot be considered a collective intelligence factor (i.e., a factor of consistent 

performance in the groups). This is consistent with the results of Study 1. Thus, it is evident that 

having groups use the GCS technique made performance more consistent across tasks, in other 

words moving them closer to a single collective intelligence factor. 

Relationship between Collective Intelligence and Individual Characteristics (Hypothesis 2.3) 

Hypothesis 2.3 proposed that for groups using the Group Coordination Structuring 

technique, individual intelligence should be positively related to collective intelligence. After 
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saving the collective intelligence factor scores for each group, I examined the correlations of the 

collective intelligence factor with several other variables that were collected in the experiment 

post-survey. The correlations are shown below in Table 2.4. 

Table 2.4. Correlations of various constructs with the collective intelligence factor 
Avg Ind 

IQ 

Max 

Ind IQ 

Min Ind 

IQ 
% Female 

Gender 

Diversity 

% Native 

English 

Avg 

Age 
Motivation 

0.339* 0.135 0.359* -.354* -.417** 0.065 -0.005 -0.073 

Prop to 

Cooperate 

Prop to 

Trust 

Emotional 

IQ 

Social 

Sensitivity 
Cohesion 

Implicit 

Coordination 

Mutual 

Trust 

Perceived 

Group IQ 

0.143 0.122 0.022 0.265 0.011 0.198 0.067 0.068 

*p < 0.05; **p < 0.01 

 

The correlation between average individual intelligence and collective intelligence was 

0.339, which was statistically significant (p = 0.026), indicating that individual group member 

intelligence is related to the collective intelligence of groups when using GCS, giving initial 

support to Hypothesis 2.3. Interestingly, the minimum individual intelligence was also related to 

collective intelligence, but maximum individual intelligence was not. 

The other factor related to collective intelligence is the distribution of gender in groups, 

whether measured by percentage or by the diversity factor. However, because there were few 

groups made up completely of female group members, the comparison of gender-diverse groups 

to all-male groups is very similar to measuring the percentage of either gender in the group. With 

a larger correlation, and being the only one of the two significant in the HLM results above, the 

gender diversity index seems to be more powerful in predicting performance and collective 

intelligence than direct percentage of females. 

None of the individual-level factors (propensity to trust, propensity to cooperate, 

emotional intelligence, and social sensitivity) nor group-level factors (perceived cohesion, 

implicit coordination, and mutual trust) were correlated with collective intelligence. Further, the 
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group’s perception of collective intelligence was not correlated with actual collective 

intelligence. 

A regression model with collective intelligence as the dependent variable is shown below 

in Table 2.5. The regression includes the variables with significant correlations, as well as 

demographic variables and motivation as control variables. 

Table 2.5. Regression model showing predictors 

of collective intelligence 

 Estimate p 

(Constant) -0.505 0.942 

Avg Individual Intelligence* 0.131 0.022 

% Native English -0.293 0.629 

Avg Age -0.009 0.975 

Motivation -0.377 0.252 

Gender Diversity** -2.349 0.005 

*p < 0.05; **p < 0.01 

 

In this model, individual intelligence is a significant predictor of the collective 

intelligence factor, supporting Hypothesis 2.3. Gender in the group was also a significant 

predictor of collective intelligence, with more diversity of gender leading to a lower collective 

intelligence.  

Additional Considerations 

Although it was not a hypothesis of this study, I compared the performance scores of 

groups in the GCS treatment against those in the control treatment to see what direct effect the 

GCS technique had on group performance. Because the brainstorming task is low-coordination, I 

did not expect any differences in scores between the treatments. However, because the GCS 

technique should have helped groups coordinate more effectively, I expected scores in the GCS 

treatment to be higher for the college admissions and candy profitability tasks. However, as 

shown in HLM results above (Table 2.3), the main effect of the GCS technique on performance 

was significantly negative in the high-coordination tasks. This effect was counterbalanced by the 
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interaction of the treatment with the average level of individual intelligence in the group. A 

direct comparison of performance means between treatments concludes that there is no 

significant difference in performance resulting from the GCS treatment. Using the GCS 

technique may have caused poorer performance in some groups who worked slower because, 

generally speaking, coordinating carefully using coordination tools from the GCS technique 

takes more cognitive effort than the control condition. 

Additional validity and robustness checks are detailed in Appendix D. 

Discussion 

Interpretation of Findings 

There are four major findings that resulted from this study. First, this study showed that 

in high-coordination virtual group tasks, the relationship between individual group member 

intelligence and group performance is stronger for groups appropriately using coordination tools 

and techniques (specifically, as implemented through the GCS technique) than for groups using 

more traditional CMC tools not specifically designed to address coordination issues. For two 

different high-coordination tasks, the relationship between individual intelligence and group 

performance was significantly stronger in the GCS treatment; in the low-coordination 

(brainstorming) task, there was no difference. The effect of individual group member intelligence 

on performance in high-coordination tasks was not significant without using appropriate group 

coordination tools and techniques. Only by using GCS were groups able to better leverage the 

individual intelligence of their group members. 

Second, in groups using the GCS technique, a collective intelligence factor emerged, 

while such a factor did not emerge in groups not using the GCS tools. In other words, when 
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groups are appropriately trained and use the right tools and techniques to facilitate the 

coordination requirements of the tasks, group performance is more consistent across tasks. 

The third main finding of this study builds on the second; while the results of testing 

Hypothesis 2.2 showed that a collective intelligence factor exists for groups using appropriate 

coordination tools and techniques, the testing of Hypothesis 2.3 showed that this collective 

intelligence is significantly predicted by the aggregate individual intelligence of group members. 

In other words, when groups use the right tools to coordinate, intelligence matters – group 

performance rises to match the average intelligence of its members. 

The last main finding of this study is that, although the GCS technique led to a collective 

intelligence factor significantly predicted by individual intelligence, the GCS technique did not 

have a direct positive overall impact on performance. A direct comparison of performance means 

between treatments suggests that there is no significant difference in overall performance 

resulting from the GCS treatment. Coordinating carefully using coordination tools from the GCS 

technique likely takes more cognitive effort than the control condition, resulting in a learning 

curve effect. When individuals learn a new process, it takes time for the benefits of the new 

process to appear; performance often drops initially, then improves gradually over time when the 

process is refined through practice (Ko & Dennis 2011; Pisano, Bohmer, & Edmondson 2001).  

This learning curve effect may explain why technological or process interventions 

implemented to improve group outcomes do not always function as hypothesized (Hiltz et al. 

2006). Fjermestad and Hiltz (1998), in a large analysis of prior research on GSS, found that GSS 

effectively improved group decision-making outcomes in only a minority of cases. For this 

reason, collaboration engineering research has focused on improving collaboration in recurring 

processes (De Vreede & Briggs 2005). Continual research is needed to better understand how 
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technology and interventions can be carefully implemented in a way that group members can 

quickly learn and easily use them, even in ad hoc situations, to address the various difficult 

complexities that arise from working in a group on many different types of tasks. 

In addition to the four main findings listed above, this study also measured other 

variables (besides average individual intelligence) related to the collective intelligence factor. 

First, in addition to the average, I measured the maximum and minimum individual intelligence 

of each group. The average and minimum individual intelligence was related to collective 

intelligence, but maximum individual intelligence was not. This indicates that having one really 

smart person in the group is not enough to make the group as a whole more intelligent. Rather, 

there is a minimum amount of individual intelligence required in order for the group to perform 

more intelligently as a whole. 

The other factor significantly related to collective intelligence is the distribution of 

gender in groups, whether measured by percentage or by the diversity factor. Woolley et al. 

(2010) also found the gender makeup of a team to be predictive of face-to-face inherent 

collective intelligence. However, they found the percentage of females in the group to improve 

collective intelligence. Because there were few groups made up completely of female group 

members in my study, the comparison of gender-diverse groups to all-male groups is very 

similar to measuring the percentage of females in the group. The gender diversity index seems to 

be more powerful in predicting performance and collective intelligence than direct percentage of 

females. Surprisingly, more gender diversity decreased the level of collective intelligence in 

groups. This contradicts previous research on gender diversity indicating that groups with an 

equal gender mix performed better than male-dominated groups (Hoogendoorn et al. 2013). 

However, that study explored several mechanisms to explain the benefit of diversity, but found 
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no support for any of them (Hoogendoorn et al. 2013). Further, other research shows that the 

effects of diversity in other forms (e.g., cognitive diversity) is only effective in improving 

performance in certain situations (Martins et al. 2012). Diversity can lead to difficulty in group 

knowledge sharing processes (van Knippenberg & Schippers 2007), because group members are 

less likely to share information with and use knowledge from others who seem different (Dahlin, 

Weingart, & Hinds 2005; Homan et al. 2007). It may be that in groups working together for the 

first time, similar group members are better able to work with each other, with the benefit of 

diversity only coming later or under certain conditions. More research is needed to understand 

the benefits and drawbacks of gender diversity, across different types of tasks. 

None of the individual-level factors (propensity to trust, propensity to cooperate, 

emotional intelligence, and social sensitivity) nor group-level factors (perceived cohesion, 

implicit coordination, and mutual trust) were correlated with collective intelligence. While these 

factors may improve group performance for certain tasks, they do not seem to be correlated with 

the overall collective intelligence of a group. Social sensitivity was a significant predictor of 

face-to-face collective intelligence (Woolley et al. 2010), but in this virtual group study it was 

not predictive of a group’s collective intelligence. Further, the group’s perception of collective 

intelligence was not correlated with actual collective intelligence, indicating that it is difficult for 

groups to measure the level of their group’s ability to perform well generally. 

Theoretical Contributions 

The results of this research provide at least five unique contributions to research on 

collective intelligence and virtual group performance in general. 

First, the study of collective intelligence as a concept is relatively new, and this study 

further supports the results of Study 1 in showing that such a factor is not always present or 
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measurable under certain circumstances, such as with traditional CMC tools. Groups working 

with these tools do not have an inherent level of collective intelligence. 

Second, this study shows that a collective intelligence factor can emerge in virtual groups 

when these groups have the right tools and techniques to minimize coordination issues. 

Coordination issues cause a disconnect between individual intelligence and group performance, 

and this study shows that coordination structuring tools will make group performance more 

consistent across tasks, related to the individual intelligence of group members. This study, 

therefore, shows one condition where collective intelligence emerges. This is a step toward better 

understanding the factors that can improve group performance consistently across tasks. 

Third, the results of this study show that high-coordination tasks are not only more 

difficult for virtual groups to perform, but also that the effects of individual characteristics, such 

as individual intelligence, have less impact on group performance because of the complex 

coordination requirements. When groups are trained and provided with the right tools and 

techniques to coordinate with each other, the group-level processes become more straightforward 

and individual strengths of group members can be better leveraged. This finding contributes to 

the virtual team literature by showing that group processes have more effect on group 

performance when tasks have more coordination requirements. 

Fourth, this study has implications for research on virtual group performance in general. 

This study shows that virtual group performance is not inherently consistent across tasks, but that 

under certain conditions there are factors that can improve performance across tasks. In other 

words, virtual group researchers should carefully examine the separate effects of task-specific 

antecedents of performance as well as conditions and factors that can improve group 

performance across tasks. Tasks that are inherently low in coordination are more highly related 
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to individual characteristics, whereas the relationship between individual characteristics and 

group performance is weaker when complex coordination activities are required to complete the 

task. 

Finally, this study also provides a more thorough theoretical understanding of the 

relationship between individual intelligence and collective intelligence. Previous research 

suggested that the relationship between individual and collective intelligence is weak (Woolley 

et al. 2010). The results of this study indicate that collective intelligence is a function of its group 

members’ individual intelligence, but only under certain conditions (when coordination issues 

are addressed). 

Limitations 

One potential limitation to this research is that the study only considers groups who are 

working together for this first time. It often takes more time for virtual groups to develop good 

routines and reach performance levels of face-to-face groups (Kennedy et al. 2010). Groups who 

work together over time may be able to develop coordination skills particular to their group that 

allow them to work intelligently without a facilitator structuring the task and suggesting tools. 

Future research should examine the collective intelligence of groups that have experience 

working together. Such research should also include studies of established groups working on 

new tasks together. 

Another potential limitation of the current study is the student sample. However, student 

samples are appropriate for testing theories about phenomena that are theorized to hold true 

across the population, such as general collaborative and cognitive abilities (Compeau et al. 

2012). However, future research could extend the study of collective intelligence to other parts of 

the general population. 
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One additional limitation of the current study is that it tests the effects of the 

implemented collaboration technologies rather than the entire GCS planning process. In other 

words, groups did not complete the GCS planning process themselves—rather, I as a facilitator 

went through the GCS process on their behalf and implemented the tools I considered most 

appropriate, and then tested the effects of using these GCS-inspired tools. In essence, this study 

tested the effect of working on tasks where someone has used GCS to structure the tasks. This 

was necessary to keep control in the experiments. That is, groups did not have time or resources 

to develop and select particular collaboration technologies, and if they had, it would be difficult 

to directly draw conclusions about the results of their individual selections. Future research could 

more directly test GCS or a similar technique in its entirety. Future research may consider 

different ways to test the actual process of planning out group collaboration. 

Implications for Future Research 

In addition to the future research needed to address the above limitations, the current 

study also opens up many additional opportunities for future research.  

First, research should continue to examine how groups can effectively overcome 

coordination difficulties in virtual environments. This study presented one approach designed for 

a variety of different tasks. Future studies could test the effect of a technology’s coordination 

support for a given task on the ultimate performance in that task. 

Next, future research is needed to continue to develop specific collaboration technologies 

and process interventions to improve group performance (Briggs et al. 2003; De Vreede et al. 

2009; Zhang et al. 2011). Care should be taken to use tools that will reduce coordination in 

otherwise unstructured situations. In other situations, use of coordination tools when not 

necessary could actually lead to increased coordination costs. For example, if a decision is 
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required where there is one obvious criteria in the decision-making process, using a decision 

matrix may add unnecessary time and effort because such a tool is better suited to decisions with 

multiple criteria and alternatives. 

Similarly, more research is needed on ways that groups can perform more intelligently 

without decreasing efficiency. Many collaboration tools exist that help groups perform well, but 

many of these tools require extra time and learning curves. Future research should develop or test 

tools and techniques that are both natural for groups to use as well as effective in helping the 

group perform more intelligently. 

Research should also continue to investigate the factors that predict the collective 

intelligence of groups. Face-to-face collective intelligence is correlated with social sensitivity, 

while facilitated virtual collective intelligence is correlated with individual intelligence and 

gender diversity. There may be other factors that could influence collective intelligence. 

Finally, research should continue to investigate the group processes that affect collective 

intelligence. While it is clear that collective intelligence is connected to individual intelligence, 

the processes and communication of groups affects their performance beyond individual traits. 

Implications for Practice 

The main implication for practice is that implementing tools and techniques to assist 

groups with coordination issues can help groups to perform consistently across tasks by better 

leveraging the individual intelligence of group members and mitigating common coordination 

barriers that virtual groups face. Individual intelligence was related to virtual group performance 

(and performance was consistent across tasks) only when coordination tools and techniques were 

carefully selected and implemented for the tasks at hand. Selecting the brightest individuals to be 

part of virtual groups is an effective strategy only when tasks are carefully planned to use 
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appropriate coordination tools and groups are trained, willing, and ready to use such tools in the 

appropriate way. Otherwise, group member intelligence may not have much effect on the 

group’s effectiveness, and groups performing well on one task will not necessarily perform well 

on other tasks. 

Second, managers seeking to improve the performance of group work in an organization 

should focus on developing group coordination skills. This study focused on the impact of 

providing new coordination tools and techniques to groups in order to leverage their individual 

intelligence and promote consistent performance (i.e., collective intelligence). However, the 

effect was not directly powerful on performance because of learning effects and losses of 

efficiency due to groups using the techniques for the first time. If organizations train employees 

to effectively use virtual coordination tools and techniques in advance, then when it is time to 

perform, groups will already be able to perform intelligently without efficiency losses. 

Third, managers seeking to improve the performance of group work in an organization 

should focus on developing task-specific skills. While this study focuses on ways to improve 

general performance across tasks, especially for groups on projects with many types of tasks to 

perform, it is still apparent that task-specific requirements are a critical element in performing 

well on any given task. 

Finally, this study concludes that when groups are able to use effective coordination tools 

and techniques, they are more likely to perform consistently across tasks. This means that if 

these coordination tools are in place, or if employees have been properly trained to coordinate on 

virtual work, then groups who perform well on one task are likely to be groups that will perform 

well in the future. Managers can consider these virtual groups to be “collectively intelligent” and 

consider these same groups for future virtual work.  



  

88 

CHAPTER 4: CONCLUSION OF DISSERTATION 

This dissertation addressed two issues of intelligence at the group level in virtual settings, 

i.e., the effect of individual intelligence on virtual group performance, and the emergence of 

collective intelligence in virtual groups. Using coordination theory, Study 1 examined the 

conditions under which individual and collective intelligence lead to virtual group performance. 

By understanding such conditions, Study 2 proposed the Group Coordination Structuring 

Technique, a technology-based technique that allows groups to work more intelligently. The 

theory and results of these two research studies should inform both researchers and practitioners 

about the effects of individual and collective intelligence in virtual groups, and aid in creating 

and supporting virtual groups in working intelligently across multiple types of tasks. 

Theoretical Contributions 

This dissertation provides at least six unique contributions to research on virtual groups 

and collective intelligence. First, research on the collective intelligence construct is relatively 

new, and the studies in this dissertation are among the first to examine the construct in virtual 

settings. Conceptualizing and measuring collective constructs is more difficult and complex than 

individual-level constructs (Klein & Kozlowski 2000; Morgeson & Hofmann 1999), and these 

studies are only the first step in refining our understanding of collective intelligence. Both 

studies of this dissertation suggest that collective intelligence is not an inherent factor of groups 

working virtually with traditional CMC tools. Although research in face-to-face settings 

indicates that groups have an inherent level of collective intelligence, this dissertation shows that 

when working virtually, the coordination requirements of various tasks make group performance 

inconsistent. 
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Second, Study 2 showed that when virtual groups have the right tools to minimize virtual 

coordination issues, group performance becomes more consistent across tasks, and these virtual 

groups demonstrate a level of collective intelligence. Collective intelligence in these groups is 

significantly correlated with individual intelligence; in groups without the right coordination 

structuring tools, group coordination issues cause a disconnect between individual intelligence 

and group performance. The dissertation, therefore, shows that when these coordination issues 

are addressed with the right tools and processes, groups in virtual settings display a level of 

collective intelligence. 

Third, this research provides insight into the types of tasks that lead to differing 

performance among groups. Tasks that involve complex coordination activities are more difficult 

to manage in computer-mediated environments, and skills beyond any inherent group 

characteristic are needed in order to achieve consistent high performance. 

Fourth, this dissertation has implications for the study of virtual group performance in 

general. Virtual group performance is not inherently consistent across tasks; researchers should 

take care in the conceptualization and measurement of performance when studying its 

antecedents in virtual settings where groups are not provided with the right tools or processes to 

mitigate coordination difficulties. Further, researchers should not try to generalize findings about 

virtual group performance from studies measuring performance on a single type of task. 

Fifth, this research provides better theoretical understanding of the effects of group 

member individual intelligence on virtual group performance by considering coordination 

requirements of tasks. The results of both studies indicate that the reason individual intelligence 

predicts group performance in only some tasks is that coordination issues interfere. Further, this 
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research was the first to empirically test the effects of individual intelligence on performance for 

groups using CMC in many different types of tasks. 

Finally, these two studies provides insight into the predictors of collective intelligence. 

Previous research in face-to-face settings suggested that the relationship between individual and 

collective intelligence is weak (Woolley et al. 2010), and that collective intelligence is more 

strongly connected to social sensitivity. The results of this dissertation indicate that collective 

intelligence is a function of its group members’ individual intelligence, but only under conditions 

where coordination issues are addressed. Further, this dissertation also showed that collective 

intelligence is related to gender diversity of virtual groups. 

Future Research 

The research studies in this dissertation open up many opportunities for future research. 

There are at least nine such implications. First, more research is needed to further understand and 

refine the concept and proper measurement of collective intelligence. These studies suggest that 

collective intelligence is different under varying circumstances. Unlike face-to-face collective 

intelligence, virtual groups only display collective intelligence when coordination issues are 

properly addressed, and even then, the collective intelligence factors seems to differ from that of 

face-to-face groups. More research is needed to examine collective intelligence and the 

conditions under which it emerges. In other words, an inherent general collective intelligence 

factor likely does not exist for all forms of group work, and future research should continue to 

assess the contexts and boundary conditions under which such a factor emerges.  

Second, future research should continue to investigate the individual-level factors that 

predict collective intelligence. Collective intelligence for groups working face-to-face is 

correlated most strongly with social sensitivity, but also to a lesser extent with individual 
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intelligence, percentage of females, and turn-taking in speech (Woolley et al. 2010). In contrast, 

collective intelligence for groups working virtually (at least for groups with appropriate 

coordination tools) is more strongly correlated with individual intelligence and gender diversity, 

but is not correlated with social sensitivity or turn-taking. Research should continue to 

investigate these differences in individual-level predictive factors. 

Third, research should investigate the group-level processes that affect collective 

intelligence. Although it is clear that collective intelligence is connected to traits such as 

individual intelligence, gender, and social sensitivity, the processes and communication of 

groups affects their performance beyond individual traits. One key element of group work that is 

different from individual work is the social interactions among group members. It may be that 

these interactions are more powerful than any intelligence factor (individual or collective) for 

certain types of tasks (Bachrach et al. 2012; Kosinski et al. 2012). This finding is consistent with 

other complex-systems phenomena where the interaction among individuals emerges as more 

important than general individual or group characteristics (Axelrod 1997; Watts 2002). More 

research is needed to understand the extent to which group performance across tasks is 

dependent upon group characteristics versus the interaction processes of group members. Such 

interaction phenomena may be more useful in explaining why groups are successful in some 

tasks and not others. 

Fourth, research should further examine how groups can effectively overcome 

coordination difficulties in virtual environments. Study 2 of this dissertation provided one 

technique that facilitates overcoming these difficulties. Future research should continue to assess 

additional ways to address coordination issues. For example, such studies could include 
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specifically testing the effect of a technology’s coordination support for a given task on virtual 

group performance specific to that task. 

Fifth, as groups develop relationships and routines over time, performance and other 

group outcomes change and improve (Arrow et al. 2004; McGrath 1991; Powell et al. 2004). 

Although CMC constrains groups initially, attitudes and outcomes of virtual groups can become 

more positive over time (Chidambaram 1996). Beyond developing routines and social 

relationships, distributed groups can also improve over time as they learn to transcend 

knowledge differences (Majchrzak et al. 2012). Thus, an appropriate avenue for future research 

would be the study of collective intelligence over time. For example, the collaboration 

engineering techniques provide coordination assistance for groups performing recurring 

processes. Future studies could assess how groups with engineered collaboration processes 

demonstrate a certain level of intelligence. In such situations, it would be important to 

understand the individual- and group-level predictors of collective intelligence, and how to 

maximize the collective intelligence of such groups. 

Sixth, more research is needed on collective intelligence in groups using various types of 

media. Because research on collective intelligence in face-to-face and text-only media have 

shown differences in collective intelligence and its predictors, it may be that other types of media 

will also result in differences in the emergence of collective intelligence. For example, other 

communication media to be studied include technology with audio and/or video affordances. The 

varying types of media may afford different processes of group coordination. Similarly, research 

is needed on the development of collective intelligence in mixed-media group work and even in 

groups who meet both face-to-face as well as virtually. 
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Seventh, another avenue for future research is to examine the effects of perceptions of 

individual intelligence on virtual group performance. That is, in addition to the effects of actual 

group member intelligence, how does the perception of group members being intelligent affect 

the way that group members work with each other, especially in computer-mediated settings 

where cues about others’ characteristics are more difficult to accurately assess? Previous 

research has indicated that group members behave in different ways depending on their implicit 

theories about cognitive abilities (Beckmann et al. 2012). Future research could assess whether 

perceptions about collective intelligence also affect actual group performance. 

Eighth, a similar area of research could examine the interaction of intelligence (both 

individual and collective) and communication patterns in virtual groups. That is, how do 

intelligent people communicate virtually, and does this affect virtual group outcomes? Do 

collectively intelligent groups use more effective patterns of communication than groups with 

lower levels of collective intelligence? 

Finally, more research is needed on the effects of gender diversity in virtual group 

performance. Previous research on face-to-face groups indicates that gender diversity is 

beneficial, but this dissertation indicates that virtual collective intelligence is related to lower 

diversity, at least in groups working together for the first time. It may be that in groups working 

together for the first time, similar group members are better able to work with each other, with 

the benefit of diversity only coming later. Research shows that the effects of diversity in other 

forms (e.g., cognitive diversity) is only effective in improving performance in certain situations 

(Martins et al. 2012) and that diversity can actually impede information and knowledge sharing 

among group members (Dahlin, Weingart, & Hinds 2005; Homan et al. 2007). Further, other 

researchers have recognized the need to develop techniques to improve shared understanding 



  

94 

when group members are heterogeneous (Bittner & Leimeister 2014). More research is needed to 

understand benefits and drawbacks of gender diversity, across different types of tasks. 

Implications for Practice 

To conclude, the studies of this dissertation have at least five practical implications for 

managers and organizations. First, the results of both studies indicate a lack of inherent collective 

intelligence (i.e., consistent performance) in computer-mediated groups. This suggests that 

managers may not necessarily be able to rely on virtual groups who have previously done well 

on one initial task, to perform well on a new type of task, unless such groups have the right tools 

to address group coordination issues. On the other hand, when groups are equipped with the right 

coordination tools, high-performing groups on one task are likely to be successful in completing 

different types of tasks. In other words, when groups are able to use effective coordination tools 

and techniques, they are more likely to perform consistently across tasks. 

Second, individual intelligence was not related to virtual group performance in general. 

Although it may seem appealing to select highly intelligent group members when creating virtual 

groups, in the hopes of getting better performance when they work together, our research 

suggests that this approach is not likely to work unless organizations also provide appropriate 

tools, techniques, and training for these groups to overcome coordination difficulties. If 

organizations can provide such tools, then groups with intelligent members are more likely to 

perform well in a variety of tasks. 

Third, our research suggests that organizations should support tools that will help groups 

to perform intelligently. These tools could include media that promote visual cues and enable 

social sensitivity, or they could be tools that support across-task performance by reducing the 
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coordination issues that virtual groups naturally face. Successful tools for virtual group work 

could also be those that address task-specific requirements. 

Fourth, the studies of this dissertation suggest that managers seeking to improve the 

performance of virtual group work in an organization should focus on developing group 

coordination skills. If organizations can train employees to effectively use virtual coordination 

tools and techniques in advance, then when it is time to perform in a virtual group, groups will 

already be able to perform intelligently without the efficiency losses of implementing a new tool. 

Finally, organizations seeking to improve the performance of virtual groups should focus 

on developing task-specific skills. Although this dissertation has focused on collective 

intelligence in the hopes of promoting across-task performance, the reality is that without 

interventions and training, task-specific requirements are the most critical in order for groups to 

perform well virtually. 
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APPENDIX A: ROBUSTNESS AND VALIDITY CHECKS FOR STUDY 1 

Robustness and Validity Checks for the Test of Collective Intelligence (H1.1) 

Robustness and Validity Checks on Task Selection 

The tasks were similar to tasks used in previous research6, and multiple high-coordination 

tasks were used. However, I completed several robustness and validity checks to ensure that 

findings were not dependent on task selection. 

First, I used several combinations of tasks for the collective intelligence factor analysis. 

The main findings result from the set of three main tasks—a brainstorming task, a decision task, 

and a joint optimization task. However, groups also completed a fourth task (the candy 

profitability task) so that I could run a factor analysis on different combinations of tasks (see 

Figure A1 for a list of these combinations). No matter what tasks are included in the factor 

analysis, a single collective intelligence factor does not emerge. To ensure that the findings were 

not based on using too few tasks, I also ran the procedures on the combination of all four tasks, 

with the same results, as summarized in Figure A1 and Table A1.  

                                                 

6 Specific to the analysis of a collective intelligence factor (H1.1), exact replication of tasks used in previous 

collective intelligence studies, such as Woolley et al. (2010), is not desired, as the goal is to examine performance 

across different tasks, not to perfectly replicate previous studies on collective intelligence in an online environment. 

A perfect replication would raise concerns about generalizability to other tasks. A collective intelligence factor 

should, by definition, predict consistently high performance across multiple types of tasks. If the Woolley et al. 

findings were dependent on specific tasks, this would further strengthen the argument that the factor they found was 

not truly collective intelligence of groups. 
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Figure A1. Scree plots for factor 

analyses of all combinations of 

tasks 

 

Table A1. Results of task combination robustness check 

 Brainstorm 

+ College 

+ Candy 

Brainstorm + 

Shopping + 

Candy 

Decision + 

Shopping + 

Candy 

All four tasks 

Average correlation -0.04 -0.03 0.02 -0.05 

Variance explained 

by first factor 
38.15 42.99 39.14 32.64 

Variance explained 

by second factor 
33.25 33.81 34.12 27.69 

First eigenvalue 1.14 1.29 1.17 1.31 

 

Second, I analyzed the data from participants performing the tasks individually to check 

whether a single factor would emerge using the same tasks in this context. When individuals 

completed the same tasks, performance was consistent across tasks and an intelligence factor 

emerged. This factor was significantly correlated with scores on the Wonderlic intelligence test 

(r = 0.363; p < 0.001). These results demonstrate the utility of our tasks for detecting a general 

intelligence factor. It was only when the tasks were performed by groups using CMC that 

performance became inconsistent with no general intelligence factor emerging. 
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Third, I compared the variation in task performance scores to the Woolley et al. (2010) 

studies. I chose to compare my groups to those of Woolley et al. because their studies were 

highly rigorous (published in Science) and they used many of the same tasks, measures, and 

procedures as I did in this dissertation. The mean coefficient of variation across my tasks (0.308) 

was not significantly different from the mean coefficient of variation for their tasks (COV = 

0.345; t(17) = 0.36, p = 0.738), suggesting that lack of variation in task performance is not an 

issue.  

Fourth, I checked for ceiling effects. Mean performance across the tasks was 69 percent 

of the optimal, which was not significantly different from the mean performance in their studies 

(58% of optimal; t(17) = 0.80, p = 0.468), suggesting that ceiling effects were not an issue. 

Validity Checks for Other Constructs 

I also compared descriptive statistics of construct measures to those of Woolley et al. 

(2010) to further ensure that groups in my study were not significantly different from groups 

used in other published studies on group-level intelligence. These descriptive statistics are shown 

in Table A2. 

Table A2. Comparison of group level measures to Woolley et al. (2010)* 

 Individual level Group level 

 Individual 

intelligence 

(Wonderlic 

score) 

Social 

sensitivity 

Average 

individual 

intelligence 

Average 

social 

sensitivity 

% Female Variance in 

speaking 

turns 

Group 

size 

Mean 27.4 ** 24.8 n/a 27.3 23.9 24.8 25.9 42.6 50.16 138.8 112.4 3.7 n/a 

St Dev 6.1 ** 5.4 n/a 3.4 6.0 3.1 2.8 28.0 37.22 147.7 97.2 0.7 n/a 

Min 8.0 ** 7.0 n/a 20.3 8.0 14.7 18.5 0.0 0.0 5.2 0.7 3.0 2.0 

Max 43.0 39.0 35 n/a 35.7 39.0 31.0 35.0 100.0 100.0 858.3 355.0 5.0 5.0 

*Values in the left columns represent the current study; values in the right columns refer to Woolley et al. Study 2. 

**These values were not directly reported in the Woolley et al. study. However, information in Woolley et al.’s 

published supplementary materials indicate that for Study 2, the mean Wonderlic score was between 22.9 and 24.4; 

the standard deviation was between 6.81 and 7.07; and the minimum score was less than or equal to 8. 
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Robustness Check for Statistical Methods 

To ensure that my results were not dependent on the type of extraction used in the factor 

analysis to find an intelligence factor, I repeated the analysis using four methods of extraction: 

maximum likelihood, unweighted least squares, generalized least squares, and principal axis 

factoring. In each case, no intelligence factor emerged. In all cases, multiple factors explained 

over 30 percent of variance, no factor had an eigenvalue of 1.38 or higher, and no scree plots 

showed any obvious elbow to indicate one dominant factor.  

Use of these statistical methods to analyze the individual-level data showed that when 

individuals completed the same tasks, performance was more consistent across tasks and an 

intelligence factor emerged. The average pairwise correlation of performance scores was positive 

(0.12); the first factor in the factor analysis accounted for 44.3% of variance, with the second 

factor being much lower (31.8%), creating an obvious elbow in the scree plot. These results 

demonstrate the utility of the factor analysis procedure for detecting a general intelligence factor. 

Robustness Test with Attention Check Question 

I completed an additional robustness check to ensure that random noise in the data 

resulting from careless participants did not cause the results where a null effect was hypothesized 

(i.e., predictions that, first, individual intelligence would not predict group performance on high-

coordination group tasks, and second, that a collective intelligence factor would not emerge). As 

part of the survey portion of the experiment, participants received an attention check question 

placed randomly among the other survey questions. This question (“Please select Disagree as the 

answer to this question”) was designed to determine whether the participant was paying attention 

and would earnestly complete the survey (and by implication, the rest of the study). In addition, 

the survey was designed to be completed in 15-30 minutes. Participants who took less than 10 
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minutes on the study and/or answered the attention check question incorrectly were flagged. 

Analyses excluding the flagged participants achieved the same results (i.e., no intelligence factor 

emerged, and individual intelligence was not related to group performance on high-coordination 

group tasks). This was done in two ways: first, by removing the flagged individuals but keeping 

the rest of the group in the group analysis; second, by removing whole groups with any flagged 

individuals from the analysis. The first method has issues conceptually in that measuring group 

level constructs while not considering one or member of the groups does not fully reflect the 

attributes of the group; however, the analysis does demonstrate that the unique values of these 

flagged individuals were not the variance driving the results of my study. The second method 

(removing entire groups) is more conceptually sound, although it does result in a much smaller 

sample size. In any case, both methods showed the robustness of the results of the study. 

Interestingly, when excluding the flagged participants in the individual-level analysis, the 

effects of intelligence were no longer statistically significant on individual performance for any 

of the three tasks. This may be partially due to a reduced sample size, but it also suggests that 

motivation to complete the task plays an important role in the effects of intelligence on 

performance for individuals (though not in groups). That is, with a population of individuals with 

varying motivation, individual intelligence predicted performance; however, intuitively, 

individuals who are more motivated to complete tasks do not necessarily need to rely on 

intelligence as much to achieve high performance. Completing the attention check question 

correctly was significantly correlated with the motivation construct (r = 0.300; p < 0.001), which 

was included as a control variable in the regression models. Further, participants who did not pay 

attention during the survey at the end of the study may have paid attention during earlier, more 

engaging portions of the experiment.  
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APPENDIX B. IMPLEMENTATION OF GCS FOR STUDY 2 EXPERIMENTS 

The first step of the Group Coordination Structuring technique is that a task initiator (in 

this case, the author) should explicitly consider the coordination required in a given task, 

assignment, or project (Nunamaker et al. 1991). The initiator should also consider the potential 

issues that the group will face in completing these coordination activities. The implementation of 

this step for the three tasks in the GCS treatment is summarized below in Table B1. 

Table B1. Coordination requirements and potential issues for Study 2 experiments 
Task Coordination requirements Potential coordination issues 

Brainstorming 

about tourism 

Create one final list of ideas Duplicate work if they can’t see the ideas of others 

(#2 in Table 2.1) 

College 

admissions 

task 

Convey information about 

candidates; convey important 

criteria; converge on a set of 

suitable candidates 

Group members might not share all information (#1); 

group members might try to solve the problem 

without being able to see all relevant information 

(#2); groups might not come to consensus because 

they can’t resolve differing preferences (#3); 

groupthink (#4) 

Candy 

profitability 

task 

Convey information about different 

divisions; decide on a way to solve 

the problem; solve the problem and 

list a single answer 

Might not share all information (#1); try to solve the 

problem individually without seeing work of others 

(#2); concede to solve the problem in a suboptimal 

way rather than share new idea/approach to solve the 

problem (#4) 

 

Second, based on the coordination requirements, the facilitator selects what technology 

and tools the group will use to carry out the task. Virtual groups typically start with tools in place 

for production and communication, but they have no plan or tool to help with coordination. In 

the case of the dissertation GCS treatment, the tools selected for group use are summarized 

below in Table B2. 

The third and final step of the GCS technique is to create a plan of action, specifically 

planning the steps that groups should follow to complete the task using the chosen technologies. 

As part of this third step (i.e., creating a plan of action), I considered each of the potential 

coordination issues listed in the tables above, and planned specific steps to address these 
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coordination issues. The suggested action plans for each of the three tasks are listed below in 

Table B3. 

Table B2. Tools to address potential coordination issues in experiment tasks 
Task Potential coordination issues Tools 

Brainstorming 

about tourism 

Duplicate work if they can’t see 

the ideas of others (#2 in Table 

2.1) 

Provide a shared space where group members are able to 

edit and work on problems simultaneously 

College 

admissions 

task 

Group members might not share 

all information (#1); group 

members might try to solve the 

problem without being able to 

see all relevant information (#2); 

groups might not come to 

consensus because they can’t 

resolve differing preferences 

(#3); groupthink (#4) 

Provide a shared space where every group member is 

encouraged to share and integrate information; keep this 

space separate from the back-and-forth dialogue of the 

group. 

Provide a shared space where group members are able to 

edit and work on problems simultaneously. 

Provide a decision matrix, where group members must 

explicitly list alternatives, criteria, and weighting, and 

specific areas of disagreement are highlighted by the 

tool. 

Provide anonymity in listing and rating alternatives and 

criteria; encourage or require all group members to rate 

alternatives individually before sharing ratings with 

group members. 

Candy 

profitability 

task 

Might not share all information 

(#1); try to solve the problem 

individually without seeing 

work of others (#2); concede to 

solve the problem in a 

suboptimal way rather than 

share new idea/approach to 

solve the problem (#4) 

Provide a shared space where every group member is 

encouraged to share and integrate information; keep this 

space separate from the back-and-forth dialogue of the 

group. 

Provide a shared space where group members are able to 

edit and work on problems simultaneously. 

Provide shared space for listing alternatives; anonymity 

in listing alternatives to solve the problem. 

 

Table B3. Suggested action plan for groups to follow for each task 
Task Suggested Action Plan 

Brainstorming 

about tourism 

1. Discuss and list ideas to increase tourism to Bloomington. 

College 

admissions task 

1. Share important information. 

2. Fill out the decision matrix with criteria important to the decision. 

3. Give weights to criteria. 

4. Rate each alternative on each criteria on Individual sheets. 

5. Using group decision matrix, resolve points of disagreement. 

6. Decide up to 2 of the candidates to admit to the university, and record 

your decision in the black area of the spreadsheet. 

Candy 

profitability task 

1. Share important information about each division. 

2. Discuss ideas for solving the problem. 

3. Come up with a few alternative methods for solving the problem. 

4. Pursue a path to solve the problem. 

5. On the right, list the final solution. 
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Screenshots of GCS tools implemented in Google Sheets for each task in the GCS 

treatment are shown below in Figures B1-B3. 

 
Figure B1. Screenshot of group sheet for brainstorming task 

 

 
Figure B2. Screenshot of group sheet for candy profitability task 
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Figure B3. Screenshots of group and individual sheets for college admissions task 
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APPENDIX C. SURVEY ITEMS FOR STUDY 2 

Table C1. List of survey items 

Construct Survey Item(s) Notes 
Demographic variables 

Gender My gender is: [Male],[Female],[Prefer not to 

answer] 

Native Language Is English your native language? [Yes],[No] 

Age Please indicate your age. Open response 

Individual-level traits and motivation 

Social sensitivity The multiple-choice task consists of 36 

consecutive photographs of eyes, where 

participants respond with the emotion that 

the photographed person is feeling. 

For each photograph, participants 

decide among four given choices. 

Developed by Baron-Cohen et al. 

(2001). 

Propensity to 

cooperate 

I often contradict others. (R) 

I hate to seem pushy. 

I insult people. (R) 

I love a good fight. (R) 

I am easy to satisfy. 

I hold a grudge. (R) 

I have a sharp tongue. (R) 

I get back at others. (R) 

I often yell at people. (R) 

I can’t stand confrontations. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items taken from Fisher et al. 

(2012). 

Propensity to trust I usually trust what people say. 

I distrust people generally. (R) 

I believe that people are basically moral. 

I believe that others have good intentions. (R) 

I often suspect hidden motives in others. (R) 

I believe in human goodness. (R) 

I believe that people are essentially evil. (R) 

I generally trust others. 

I am wary of others. (R) 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items taken from Fisher et al. 

(2012). 

Emotional intelligence I have a good sense of why I have certain 

feelings most of the time. 

I have good understanding of my own emotions. 

I really understand what I feel. 

I always know whether or not I am happy. 

I always know my friends’ emotions from their 

behavior. 

I am a good observer of others’ emotions. 

I am sensitive to the feelings and emotions of 

others. 

I have good understanding of the emotions of 

people around me. 

I always set goals for myself and then try my 

best to achieve them. 

I always tell myself I am a competent person. 

I am a self-motivating person. 

I would always encourage myself to try my 

best. 

I am able to control my temper so that I can 

handle difficulties rationally. 

I am quite capable of controlling my own 

emotions. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items taken from Wong and Law 

(2002) (validated in Law, Wong, 

and Song (2004)) 
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I can always calm down quickly when I am 

very angry. 

I have good control of my own emotions. 

Group-level characteristics and motivation 

Group Task 

Motivation: General 

I feel a real sense of personal satisfaction when 

our team does well. 

I feel bad or unhappy when our team has 

performed poorly. 

My own feelings are not affected one way or 

the other by how well our team performs. 

(R) 

When our team has done well, I have done well. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items taken from Wageman, 

Hackman, and Lehman (2005). 

Perceptions of group 

intelligence 

As a whole, my group is intelligent. 

As a whole, my group is wise. 

As a whole, my group is creative. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items adapted from Paulhus and 

Morgan (1997) 

Team cohesiveness Members of my group worked together as a 

team. 

The members of my work group were 

cooperative with each other. 

My work group members knew that they could 

depend on each other. 

The members of my work group stand up for 

each other. 

The members of my work group regard each 

other as friends. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items adapted from Podsakoff and 

MacKenzie (1994). 

Implicit coordination Members of my team provided task-related 

information to other members without being 

asked. 

My team proactively helped individual 

members when they needed assistance. 

My team monitored the progress of all 

members' performance. 

Members of my team effectively adapted their 

behavior to the actions of other members. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items taken from Fisher et al. 

(2012). 

Mutual trust In our team we can rely on each other to get the 

job done. 

Members of this team are able to bring up 

problems and tough issues. 

No one in this team would deliberately act in a 

way that undermines my efforts. 

Working with members of this team, my unique 

skills and talents are valued and utilized. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items taken from (Edmondson 1999; 

Fransen, Kirschner, & Erkens 

2011). 

Individual and group-level performance (repeat questions for each of the exercises) 

Individual Task 

Motivation: Task-

specific 

For [specify a task], I made an effort to 

complete the task effectively. (Repeat for 

each task completed.) 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items developed by the author. 

Perceptions of 

performance 

My group met or exceeded task requirements in 

the [specify a task]. 

My group did superb work in the [specify a 

task]. 

Critical quality errors occur frequently in my 

group’s work on [specify a task]. (R) 

My group kept getting better and better while 

performing [specify a task]. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items adapted from Edmondson 

(1999) 
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Perceived adherence 

to GCS action plan 

(GCS treatment only) 

In the [specify a task], my group carefully 

followed the suggested Action Plan (in the 

yellow portion of the spreadsheets). 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items developed by the author. 

Perceptions of coordination requirements of tasks (repeat questions for each of the exercises) 

Member 

interdependence 

In the [specify a task]… 

…tasks that I performed were related to tasks 

performed by other team members. 

…other team members depended on me for 

information or materials needed to complete 

their work. 

…I could not accomplish my tasks without 

information or materials from other team 

members. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items adapted from Cummings et al. 

(2009). 

Coordinative 

complexity 

The [specify a task] required… 

…frequent coordination of tasks with others. 

…frequent sharing of information with others. 

…frequent sharing of resources with others. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items adapted from Bala (2013). 

Technology 

coordination support 

In the [specify a task], the technology we used 

supported… 

…effective coordination among group 

members. 

…effective information sharing among group 

members. 

…effective decision making among group 

members. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

Items developed by the author.  

Methods and validity check items 

Attention check I am paying attention and will select Disagree 

as my response. 

7-point Likert scale, from Strongly 

Disagree to Strongly Agree. 

(Oppenheimer, Meyvis, & 

Davidenko 2009) 
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APPENDIX D. VALIDITY AND ROBUSTNESS CHECKS FOR STUDY 2 

Validity Checks 

I completed several validity checks to address potential limitations of the methodology of 

the Study 2. First, I used tasks that have been validated in previous studies. Because I modified 

the college admissions decision-making task before administering it, and this was the first time 

this particular variation has been used, I validated the task by collecting individual preferences 

from participants before they discussed the decision with their groups, and ensuring that the 

majority of individual preferences matched the “correct” individual answers. For example, 

Participant 1 in every group, if reading the information carefully, should select candidates B, C, 

F, and G as the best candidates (even though the group correct answer does not include C and F). 

This was the case for the majority of individuals. Similarly, the task is designed so that if groups 

simply do majority voting, they should select candidates A, D, E, and H (if they share and 

integrate critical information, the correct answer is A, B, E, and G). ADEH was the most 

common incorrect response, indicating that the task was designed in the correct manner. 

Next, because I classified the brainstorming task as low-coordination and the other two as 

high-coordination simply by intuition, I collected several perceptual survey items in the post-

survey asking participants about the perceived coordination requirements of each task. 

Specifically, for each task completed, participants were asked survey questions on a 7-point 

Likert scale regarding member interdependence (MI) and coordinative complexity (CC) (see 

Appendix C for survey items). Results are shown in Table D1 below. 

Next, to ensure that all groups had the opportunity to use coordination tools and 

techniques of their choosing (though only groups in the GCS condition were trained on specific 

coordination techniques), I allowed all groups, including in the control condition, to use shared 

Google Spreadsheets, the same tool that was used to implement coordination techniques in the 
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GCS groups. That is, even though control groups were not provided coordination tools such as 

decision matrices, scratch area, etc., they were given the baseline tool. 

Table D1. Perceived coordination levels of various tasks 

 Brainstorming 

(low-coordination) 

Decision-making 

(high-coordination) 

Profit optimization 

(high-coordination) 

Member 

Interdependence 
4.73 5.63 5.77 

Coordinative 

Complexity 
4.99 5.80 5.92 

 

In fact, several groups in the control condition used the Google Spreadsheets to share 

important information, make calculations, etc. For the college admissions task, 12.3% used the 

spreadsheet to coordinate (the remaining groups only used the shared spreadsheet to record the 

final answer). For the candy profitability task, 46.2% of groups used the spreadsheet to 

coordinate in addition to recording the final answer. This indicates that, left alone, groups do not 

take advantage of coordination techniques or tools that could help them, but all groups had the 

opportunity to do so. 

Robustness Checks 

Next, I completed a robustness check for the analysis of H2.1 that included all three tasks 

instead of only the high coordination tasks. That is, the robustness analysis considers the effect 

of the interaction variable (treatment x intelligence) on group performance across any type of 

task. The results, shown below in Table D2, are similar to the main results, indicating that even 

when groups are also performing low-coordination tasks, using the GCS technique will 

strengthen the relationship between individual intelligence and group performance, leading to 

more consistent performance (i.e., collective intelligence). 

The lowest level (level 1) of the HLM model is the task and its characteristics; the second 

level (level 2) is the group and its characteristics. The level 1 (task) equation is: 
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Performance (z-score) = β0 + β1(CollegeTask) + (CandyTask) + β3(Order1) + β4(Order2) + 

β5(TaskMotivation) + r , 

where CollegeTask and CandyTask indicate which task was being performed; Order1 and 

Order2 indicate whether the task was performed first, second, or third by the group; 

TaskMotivation is the level of team motivation (as self-reported) for the given task; r is an error 

term. β0 is the intercept, which is defined by the level 2 (group) equation: 

β0 = γ00 + γ01(Treatment) + γ02(AvgIndIQ) + γ03(Treatment x IQ) + γ04(Gender) + 

γ05(%NativeEnglish) + γ06(AvgAge) + u0 , 

identical to the level 2 equation used in the main analysis. 

Table D2. HLM results for all three tasks 

Level 1 variables 

     Level 2 variables 
Coefficient 

Standard 

Error 

(Robust) 

T-ratio 
p 

value 

Intercept (β0)     

     Intercept (γ00) 0.010 0.055 0.190 0.850 

     Treatment (γ01)* -2.036 0.828 -2.460 0.016 

     AvgIndIQ (γ02) -0.018 0.022 -0.802 0.425 

     Treatment x IQ (γ03)* 0.075 0.030 2.473 0.015 

     Gender (γ04) -0.361 0.219 -1.647 0.102 

     %NativeEnglish (γ05) 0.335 0.252 1.331 0.186 

     AvgAge (γ06) 0.115 0.116 0.998 0.321 

CollegeTask (β1) 0.067 0.125 0.534 0.593 

CandyTask (β2) 0.054 0.137 0.392 0.695 

Order1 (β3) -0.142 0.129 -1.107 0.270 

Order2 (β4) 0.002 0.134 0.017 0.986 

TaskMotivation (β5) 0.146 0.109 1.333 0.184 

*p < 0.05; **p < 0.01 

 

    

These results, very similarly to the main analysis, though with lower levels of 

significance, indicate a significant interaction between treatment and individual intelligence (p = 

0.003), meaning that the effect of intelligence on performance (across all tasks) is stronger for 

groups using the GCS technique. As expected, the baseline effect of intelligence on performance 
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was not significant. Only by using GCS were groups able to better leverage the individual 

intelligence of their group members. 

Finally, I completed a robustness check for Study 2 to ensure that random noise in the 

data resulting from careless participants did not affect the results. As part of the post-survey, 

participants received an attention check question placed randomly among the other survey 

questions. This question (“Please select Disagree as the answer to this question”) was designed 

to determine whether the participant was paying attention and would earnestly complete the 

survey (and by implication, the rest of the study). In addition, the survey was designed to be 

completed in 15-20 minutes. Participants who took less than 5 minutes on the study and/or 

answered the attention check question incorrectly were flagged. Re-running the analysis with 

only groups with at least 50% non-flagged participants in the group achieved similar results as 

the main analysis, although at lower levels of statistical significance. 

Completing the attention check question correctly was significantly correlated with 

motivation at the individual level (r = 0.184; p < 0.001); motivation was included as a control 

variable in the main analysis. Further, participants who did not pay attention during the survey at 

the end of the study may have paid attention during earlier, more engaging portions of the 

experiment.
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