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Abstract 
 

 
A Descriptive Study of Learning Style Diversity in  

Design and Innovation Teams 
 

by 
 

Kimberly Lau 
 

Doctor of Philosophy in Engineering – Mechanical Engineering 
 

University of California, Berkeley 
 

Professor Alice M. Agogino, Chair 
 
 

Design and innovation are increasingly important for attaining competitive advantage. This is 
achieved largely through the creation of meaningful customer experiences, and companies 
employing cross-functional teams are consistently reaching the best results. Designing these 
customer experiences requires teamwork that capitalizes on the diversity of the design team – 
whether gender, functional, disciplinary or cognitive. This research investigates the role of 
diversity in design teams, and in particular the role of cognitive diversity. It leverages David 
Kolb’s experiential learning theory and associated learning styles because they correlate well 
with the phases of the design process. It also considers factors such as gender, ethnicity, 
discipline, and job level. 

The first study explores the composition of innovation- or design-oriented populations in 
academic and corporate settings. Data was gathered from undergraduate-level and graduate-level 
students as well as from industry professionals in design, engineering, and consulting firms 
worldwide. The analysis draws comparisons among the international populations, across fields of 
expertise, and with other demographics to build a characterization of the design population. The 
findings show a surprising lack of diversity where it might be most expected. In particular, 
converging learners consistently dominate across all populations, highlighting an alarming 
absence of diverging learners in the design world. 

The second study explores the confidence levels in ABET skills and learning style 
preferences of students in project-based design courses. Results highlight national and gender 
differences in students’ perception of their development in ABET-related engineering and design 
skills. American students rated themselves higher in creativity, teamwork, ethics, facility with 
tools of engineering practice, and in recognizing global impact. Korean students assessed their 
skills higher in design, problem solving, and communication skills. However, the students follow 
similar gender patterns overall, where men reported more confidence in technical and analytical 
skills and women were more confident in communication and teamwork skills. The results also 
show behavioral trends that match the various learning styles. Accommodators self-rated highest 
in leadership and management skills, convergers self-ranked their analytical skills as strongest 
among all other skills, and assimilators perceive themselves as best in data processing.  
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The third study explores the role of diversity in design team performance and presents results 
about how diversity factors affect the dynamics and success of a design team. Discipline and 
gender are also considered. The data were gathered over two semesters of a multidisciplinary, 
project-based graduate level design course and captured through a series of surveys administered 
throughout the semester. Results offer insights into how students with different learning styles 
contribute differently to design team performance. The more diverse teams, as measured by the 
number of converging learners on the team, generally performed better than homogeneous teams, 
both in self-perceptions of team performance and by external reviews. 
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Chapter 1  

Introduction 
The development of new products, solutions, and experiences1 for end customers is the primary 
driver of growth for many organizations. New products contribute over 30% of revenues and 
profits for the average company and over 50% of revenues and profits in the technology sector 
(Griffin, 1997). Thus, managing the process of designing, developing, and delivering new 
products, services, and customer experiences is core to competitive success.  
 
Good design in turn requires good teamwork, as no individual can complete the process alone. 
Multi-disciplinary teams appear as a core success factor in design and innovation in a number of 
studies on success and failure of new products (Curnow & Moring, 1968), (Zirger & Maidique, 
1990), (Wilson, 1994). More broadly, contemporary organizations depend on cross-disciplinary 
collaboration and flattened hierarchies to achieve continuous innovation and to harness creativity 
(Edmonson, 2012). Bradley and Hebert (1997) find that cross-functional teams are at the 
forefront of the “quest for innovative solutions”. In today’s organizations, “challenges must be 
approached by people working together across disciplines” due to the increasing uniqueness of 
today’s problems (Edmondson, 2012). As a result, there is increased examination of how to 
optimize teamwork for performance (Kozlowski et. al, 1999), (Bell, 2007) and innovation 
(Ancona, 2007). 
 
Diversity is an inherent characteristic of design and innovation teams. They require integration of 
knowledge from across the functional areas in a typical firm: operations, research and 
development, and marketing. The challenge in bringing those disparate disciplines together is 
that with different perspectives comes conflict and tension. Diverse teams have been shown to 
both significantly under-perform and over-perform more homogeneous teams (Ely & Thomas, 
2001). The direction depends on whether the team has a learning perspective that allows them to 
leverage the information available to them (over-perform), or whether they ignore the diversity 
or apply biases in interpreting others’ inputs (under-perform). Team diversity is most beneficial 
when the variables of diversity align with the specific task to be performed (Bell et. al, 2011). 
For instance, a team with greater cognitive diversity may perform better on thinking activities. 
Williams and O’Reilly (1998) find that people prefer to work in more homogeneous teams, but 
diversity inherently provides opportunity in the form of different perspectives. 
 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 In their book “Experience Economy”, Pine and Gilmore (1999) describe the stages of evolution 
through which companies have gone from extracting commodities to making goods to delivering 
services to staging experiences to guiding transformations. They argue that companies have 
evolved by increasing the degree of differentiation and customization of what they deliver to 
customers. In this dissertation, the term “product” refers to this larger trajectory; the design 
teams studied could be designing physical products, services, customer experiences or 
transformations.  
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Individual differences, be they cultural, experiential, or cognitive, cause people to approach a 
single situation in various ways. Bell et. al (2001) examines various diversity types to find what 
relationships may emerge within a diverse team. Bunderson and Sutcliffe (2002) explored 
functional diversity and determined that a team with diverse expertise will perform differently 
based on how much expertise each member has in their respective function. It is important to 
note that diversity can also be moderated; for instance, age diversity can be mediated by a team’s 
engagement in highly cognitive activities (Kearney, 2009). The best performing teams are often 
diverse teams with members that can capitalize on the diversity they have (Ely & Thomas, 
2001).  
 
The effects of personality on team performance have been widely studied over the past few 
decades based on a number of different measures, such as Jungian typology (Jung, 1921), Myers-
Briggs Type Indicator (Myers & McCaulley, 1985), and Big-Five Personality Factors (Digman, 
1990). While research on team composition has grown, there has been limited exploration of the 
effects of personality or cognitive diversity in design teams. This research attempts to fill this 
gap, particularly with respect to diversity of learning styles. 
 
Learning styles broadly describe how people prefer to learn or their approach to learning. These 
are qualities that influence one’s ability to “acquire information, to interact with peers and 
participate in learning experiences”, (Grasha, 1996), and they affect academic achievement 
(Saracho, 1993). There are a variety of learning characterizations: Newland (1987) categorizes 
learners as common sense, dynamic, contemplative, and zealous; Leary (1957) classifies a 
person’s behavior along two axes: dominant versus submissive and friendly versus critical; 
Felder (1988) examines learning using sensory versus intuitive, visual versus auditory, inductive 
versus deductive, and active versus reflective dimensions. David Kolb, the founder of 
experiential learning theory and of the learning styles explored with this research, describes 
learning as “the process whereby knowledge is created through the transformation of experience” 
and which follows a four stage cycle of learning (Kolb, 1984). 
 
In his Experiential Learning Theory (Figure 1.1), Kolb posits that a person acquires knowledge 
by first grasping and then transforming experience. He defines these activities along two 
dialectically related continua: the Concrete Experience (CE) versus Abstract Conceptualization 
(AC) axis measures how an individual perceives information, and the Reflective Observation 
(RO) versus Active Experimentation (AE) axis measures how an individual processes 
information. These two continua intersect to create four quadrants, each representing a different 
learning style. Each individual’s learning style is determined by which combination of learning 
modes he or she prefers for perceiving and processing information.  
 
Kolb’s experiential learning theory is particularly relevant to design and innovation because it 
neatly overlays models of design (Beckman & Barry, 2007). Designers must move fluidly 
between concrete and abstract worlds, and use both analysis and synthesis to create new designs. 
As they move through the design process, they begin with observations, then build frameworks, 
settle on a list of imperatives, and finally reach the design solution (Owen, 2007) (Figure 1.2). As 
such, Kolb’s model is used over other learning style models for studying design teams. Figure 
1.3 shows the design process and learning styles overlaid together. 
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Figure 1.1: Kolb Learning Styles  

 

	  
Figure 1.2: The Design Process 
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Figure 1.3: Design Process and Learning Styles 

 
The four learning styles are Assimilating, Converging, Accommodating, and Diverging. 
Individuals may also be categorized as Balanced if their strengths lie along an axis rather than 
within a quadrant. The characteristics of each of the learning styles and the dimensions they 
emphasize are detailed below (Kolb, 1984). 
 
Assimilating (Abstract Conceptualization and Reflective Observation) 
People with an assimilating learning style excel at understanding a wide range of information 
and organizing it in a clear logical format. They always think before acting, prefer concise 
approaches, and need to have logical soundness to their theories. They value ideas and abstract 
concepts over people.  
 
Converging (Abstract Conceptualization and Active Experimentation) 
People with a converging learning style are problem-solvers. They enjoy thinking through ideas 
and then testing them out, to understand how something works. They prefer technical tasks and 
are best at finding practical uses for ideas and theories. They are less concerned with people and 
interpersonal issues. People with a converging learning style make decisions by finding solutions 
to questions and problems. 
 
Accommodating (Concrete Experience and Active Experimentation) 
People with an accommodating learning style are action-oriented and hands-on, and rely on 
intuition over logic. These people prefer a practical, experiential approach to learning. They are 
attracted to new challenges and experiences, and to carrying out plans. They commonly act on 
gut instinct rather than logical analysis. People with an accommodating learning style tend to 
rely on others for information rather than carrying out their own analysis. 
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Diverging (Concrete Experience and Reflective Observation) 
People with a diverging learning style are able to look at things from different perspectives. They 
are sensitive and imaginative. They prefer to observe rather than do, and tend to gather 
information and use their imagination to solve problems. They are best at seeing concrete 
situations from several viewpoints, which makes them ideal candidates for idea generation. 
 
Balanced (Abstract Conceptualization and Concrete Experience or Reflective Observation and 
Active Experimentation) 
People with a balanced learning style have no strong preference for either extreme of the 
Processing or Perception continua combined. They are well-balanced learners. 
 
There are extensive studies relating to learning styles, but research surrounding Kolb learning 
styles in design teams has not yet been fully explored. Learning styles are an important 
indication of how a person receives, processes, and shares information – all critical steps of the 
design process – and thus important to how a team performs in product development. 
 
This exploration of design teams began with characterizing team diversity and an attempt to 
study the impact of team diversity on team performance. It started with different demographic 
factors: gender, disciplines, and ethnicity and then expanded to include cognitive diversity as 
well: personality, career experience, and learning styles. Ultimately, the focus shifted to studying 
how different learning styles within design teams might affect team outcomes based on the initial 
work of Beckman and Barry (2007), who framed the design cycle as requiring four distinct 
learning styles over the course of the design and innovation process.  
 
As I launched this work, we discovered less diversity than initially expected. Fewer learning 
styles were present in the teams, and some styles were noticeably absent in the populations of 
people that might be expected to contribute them to design and innovation teams, such as product 
managers. Intrigued by this early finding, the focus of this shifted to completing a descriptive 
study of learning styles in the design population, both in the real-world and classroom settings. 
The research questions are: 
 
• What is the makeup of Kolb learning styles in innovation-oriented populations? 

o Do the business, design, and engineering students that regularly participate on design 
teams in the academic word differ significantly in their learning styles?  

o Do people participating in design differ from the general population as Kolb 
documented it? 

• What is the relationship between demographic diversity factors and learning styles? 
• Does having a larger number of learning styles represented on a design team lead to greater 

team success?  
 
In short, my research goal was to broaden the understanding of demographic and cognitive 
diversity in the design population, and assess the implications that follow for future design 
teams. The structure of this dissertation is as follows: 
 
Chapter 2 provides a literature review on the topics relevant to diversity and teams and provides 
context for the research described in this dissertation. The chapter opens with a model for 
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understanding the dynamics of diversity in teams derived from a review of the general literature 
on teaming and diversity. It then moves to reviewing the specific literature on learning styles and 
their connection to team dynamics. 
 
Chapter 3 discusses the data sources and methodology used in this research. It provides a 
description of the research test bed used in this research and the process used to collect the data. 
 
Chapter 4 explores the characterizations of the design population. This chapter compares and 
contrasts learning styles across a variety of populations that are engaged in design and innovation 
work including: differences between college students and professionals in design, engineering, 
and business; differences among genders; differences by ethnic group; differences across 
disciplines; and differences by country. The first section of the chapter characterizes the student 
population. The second section examines the industry population. The third section compares 
student and industry populations and reviews the entire database as one.  
 
Chapter 5 presents findings on learning style differences between international and domestic 
students. The confidence levels in ABET skills and Kolb learning style preferences in lower 
division students in project-based design courses offered at the University of California at 
Berkeley and the Korea Advanced Institute of Science and Technology are presented. The 
confidence levels in ABET-related engineering and design skills are compared by country and 
gender, as well as learning styles. 
 
Chapter 6 describes a study on how design teams performed with respect to the mix of learning 
styles among team members. Now that diversity within the populations has been characterized, 
this chapter culminates with the examination of the role of diversity in design team performance. 
It provides a discussion of diversity factors that affect the dynamics and success of a design 
team, and how these factors may be leveraged in design practice. The chapter also considers 
other demographic factors, such as discipline and gender.  
 
Chapter 7 concludes this dissertation and provides directions for future research.
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Chapter 2  

Literature Review 
This chapter provides a literature review on the topics relevant to diversity and teams and 
provides context for the research described in this dissertation. The chapter opens with a model 
for understanding the dynamics of diversity in teams derived from a review of the general 
literature on teaming and diversity. It then moves to reviewing the specific literature on learning 
styles2 and their connection to team dynamics. 
 

2.1 Framing the Literature 
 
The literature defines teams along a broad spectrum. On one end of the spectrum lie “groups”, 
which are defined as collections of individuals who perform discrete functions in a coordinated 
manner (Bereiter & Scardamalia, 1993). On the other end of the spectrum lie “teams”, which are 
defined as more cohesive units of interdependent people working together towards a shared goal 
(Katzenbach & Smith, 1993) (Rothwell, 2004). Amy Edmondson (2012) develops this definition 
further, by describing the central role that teams play in organizations and introducing teaming as 
a verb rather than just a noun. She describes teaming in organizations as the “engine of 
organizational learning… a way of working that brings people together to generate new ideas, 
find answers and solve problems.” Importantly, she points out that “people have to learn to team; 
it doesn’t come naturally.” 
 
Researchers have been studying diversity of team members for decades. Sethi (2000) examined 
the role of superordinate identity in a team and how it affects the final product’s performance, 
finding that superordinate identity indeed enhances the performance of the new product 
developed by a team. Froehle (2000) looked at the impact of team-based organizational structure 
on the process for new service development, and found no direct relationship between the two. 
Hitt (1999) found that organizational context in teams, specifically the presence of top 
management support, has more influence on team success than internal team characteristics.  
 
This research focuses on teams and teaming, and on the role that diversity plays in both the 
satisfaction that team members experience as well as the performance outcomes of the team. A 
review of the literature on diversity and design teams reveals a shared model of how diversity 
affects both. Over thirty papers studying the effects of diversity on team performance were 
reviewed. All of the research papers were interested in some measure of diversity, whether 
gender, functional background, ethnicity, or others. From there, the research varied widely. Some 
papers examined the direct effects of diversity on teams, such as increased conflict. Other papers 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2	  “Learning styles” will henceforth refer to learning styles as defined by David Kolb’s model and 
described above in Chapter 1.  
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studied the effects of diversity on team outcomes, ignoring the intermediary variables. And yet 
others focused on the ways in which teams might leverage or mediate the effects of diversity. 
Thus, the model in Figure 2.1 was constructed suggesting first that there are many different 
measures of diversity, that diversity has some immediate effects on teams (e.g., increases 
conflict), that there are mechanisms to either leverage or cope with those effects (e.g., co-
locating the team) and finally that there are a large number of potential outcomes that might be 
measured both internal (e.g., team member satisfaction) and external (e.g., team performance 
against designated metrics) to the team.  
 

 
Figure 2.1: Diversity in Design Teams Model 

	  
The following sections define each of these categories of variables, and include lists of the 
variables identified in this literature review. 
	  

2.1.1 Diversity 
 
Diversity is commonly defined as: a range of different things or having a variety of forms, types, 
ideas, etc. In the context of a team, it is defined as the “distribution of differences among the 
members of a unit with respect to a common attribute” (Harrison & Klein, 2007). The “common 
attribute” might have to do with cognitive diversity or “highly job related” characteristics such as 
field of study and education or it might refer to demographic diversity or “less job related” 
attributes such as gender, age, and ethnicity (Jackson et. al, 2003) (Jehn et. al, 1999).  
 
The most common diversity factors investigated are gender, ethnicity, age, organization and 
team tenure, education level, college discipline, and functional background. Within the context 
of the literature reviewed here, diversity factors explored to date include (see Table 2.1 for the 
specific references): 
 

D1. Functional backgrounds 
D2. Demographic variables (age, gender, race) 
D3. Team tenure 
D4. Routines or working styles of team members 
D5. Knowledge sharing skills 
D6. Attitudes, beliefs, and values 
D7. Personality differences 

 
Each of these factors can be fairly readily defined and the members of a team can be identified 
by those factors. The question then becomes how to actually put a metric around the diversity in 

Diversity	   Effects	   Mediation	   Outcomes	  
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any given factor that is present on the team. There are three constructs that help do so: 
separation, variety, and disparity (Harrison & Klein, 2007). 

Separation	  
Separation refers to whether an individual does or does not have a specific attribute, or holds or 
does not hold a specific position. It is defined as the composition of differences in opinion, 
attitude, or similar characteristics. For example, separation may be determined by whether team 
members agree or disagree on the team mission. Reduced separation results in more successful 
teamwork.  

Variety	  
Variety refers to the number of diverse qualities in a team. It is defined as the composition of 
differences in kind, source, or category of relevant knowledge or experience. For example, a 
team has minimum variety if all team members have the same functional background. Teams 
with moderate variety may fall victim to under-sharing relevant information because they believe 
other members already have similar knowledge, thus decreasing their success. A team with 
maximum variety is generally more successful than a homogeneous team, so long as the 
attributes match the task. A team solving a relatively simple problem (e.g., how to pull an arrow 
out of a target) does not benefit as much from variety as a team that is working on a more 
difficult problem (e.g., how to rid the world of slums).  

Disparity	  
Disparity refers to the quantity, value, or level of each diverse factor. It is defined as the 
composition of differences in proportion of assets or resources. For example, a team with 
minimum disparity might be made up of individuals that are all at an identical income level. 
Disparity is considered high if only 10% of the team holds the shared attribute and it is 
considered low if 90% of the team holds the shared attribute. High disparity may breed 
competition and foster conformity.  
 

2.1.2 Effects 
 
The existence of diversity, of any sort, on a team has potential for immediate negative 
consequences. For example, diversity raises conflict and decreases unity (Milliken & Martins, 
1996). Negative results in the form of team conflict and less communication have been 
documented (Brown & Eisenhardt, 1995). In an argument against the age-old adage “opposites 
attract”, Byrne (1971) suggests that “similars attract” and that homogeneous teams cooperate and 
collaborate better than diverse teams. This is further supported by Brewer’s (1979) intergroup 
bias theory that team members with similar attributes will band together in small groups, thus 
lowering productivity of the larger group. Williams and O’Reilly (1998) also found that diversity 
in a team diminishes morale and group cohesion and fosters conflict. It is understood that 
individuals behave differently in group settings than when they are alone (Barton Jr., 1926) 
(Beaty & Shaw, 1965). 
 
The review of this literature suggests that not all of the immediate effects of diversity in a team 
are negative. The effects identified in the papers reviewed are categorized: (1) positive effects 
were those that improved the collaborative environment, (2) negative effects were those that 
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increased conflict, and (3) neutral effects were those that did not have a bias in either direction. 
All of the effects listed below are linked to the papers from which they are drawn in Table 2.2. 
 
Positive Effects [Collaborative] 

E1. Trust in team members, identity 
E2. Creative behavior 
E3. Collaborative communication 
E4. Citizenship behavior	  
E5. Shared mental models 
E6. Partition and division of tasks 

 
Negative Effects [Conflicting] 

E7. Creative abrasion 
E8. Contentious communication 
E9. Intra-team task disagreement 
E10. Individual differences 

 
Neutral 

E11. Centrality-focal point of leadership 
E12. Social cohesion 

 

2.1.3 Mediation 
 
Researchers had previously conformed to an “input-process-outcome” framework in their 
research on diversity. But these consistently mixed results spawned an exploration into “why” 
and culminated with an understanding of mediating and moderating factors. When Ancona and 
Caldwell (1992) performed their study on the homogeneity of organizational tenure and 
functional diversity in 45 design teams, they found, yet again, that functional diversity could 
have both positive and negative effects on team performance. They further interpreted these 
results to show positive effects on external communications and negative effects on teamwork 
and internal conflict. This study helped establish the model of intermediary variables affecting 
final outcomes. Joshi and Roh (2009) similarly adjusted their study from evaluating the effect of 
diversity factors directly on team performance to one of understanding contextual factors 
affecting the relationship between diversity and performance. In effect, they sought to understand 
the “black box” between demography and performance. Lawrence (1997) similarly observed that 
there are intervening factors between diversity and outcomes that should be studied.  
 
The mediating variables that are uncovered in the literature are listed below. These variables are 
once again connected in Table 2.2 with the papers that identified them. 
 
M1. Rewards 
M2. Leadership and top management support 
M3. Physical proximity 
M4. Supplier and consumer involvement 
M5. Organizational politics 
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M6. Decision making strategy 
M7. Communication with boundary groups 
M8. IT technology integration 
M9. Encouragement to take risks 
M10. Synergistic communication and formation of group identity 
M11. External information and communication (Gatekeepers) 
M12. International development 
M13. Diversity orientation and HR policies 
M14. Task complexity 
M15. Support networks employed by the Company 

 

2.1.4 Outcomes 
 
A frequent assumption is that teams with more diversity will be more successful because of the 
wider range of inputs that might be made to the team’s effort. Some studies indeed show that 
individuals are more successful and exhibit better problem-solving skills when they participate as 
a team (Barton Jr., 1926) (Watson, 1928) and that cross-functional design teams exhibit greater 
creativity and innovation (Bell et. al, 2011). Keller (2001) found that technical quality and 
schedule and budget performance improved with a functionally diverse team. Cross-functional 
teams also resulted in more high quality products, faster development times, and happier team 
members (Brown & Eisenhardt, 1995). Not all studies of diversity in teams, however, come to 
the same conclusion.  
 
Ultimately, outcomes are defined within the confines of the teams and of the nature of the work 
those teams are doing. Some of the research focuses more on internal team metrics, while other 
studies examine the more external effects or the outputs of the teams. Here are the outcome 
metrics uncovered in the literature review: 
 
Internal Metrics 

O1. Team performance 
O2. Team adaptability to change 
O3. Constraint adherence 
O4. Personal affect and how it relates to performance 
O5. Innovative behavior and creativity 
O6. Social network patterns 
O7. Helping behavior 
O8. Information use 
O9. Social integration and successful team establishment 

 
External Metrics 

O10. Effectiveness: how much product meets targeted need 
O11. Efficiency: time to produce output 
O12. Quantity of new ideas introduced  
O13. New product performance and quality 
O14. Goal achievement 
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O15. Competitive advantage and profit 
O16. Financial performance 
O17. Quality of performance 

 
Tables 2.1 and 2.2 below summarize all of the papers reviewed and the variables each paper 
examined.  

 
Table 2.1 lists each paper reviewed with the year it was published, the sample size of its study, 
and the diversity measures that were evaluated. The majority of the studies examined the 
diversity of functional backgrounds (D1), yet only one paper explored a team’s attitudes, beliefs, 
and values (D7). Two studies look at personality differences (D8), but neither examined learning 
styles, the topic of this dissertation. 
 
Table 2.2 lists which effects, mediating factors, and outcomes were explored. The individual 
factors are represented by the labels listed in the introductory sections above, e.g., E1 represents 
“trust in team members”, M1 represents “rewards”, O1 represents “effectiveness”, and so on. It 
is interesting to note that some factors received much more attention than others, which may 
imply greater influence or perceived influence on team outcomes. Likewise, some studies did not 
evaluate all four factors, thus potentially disregarding certain diversity impacts on the team. 
These are denoted by “---”. 
 
 

Table 2.1: Papers by Year, Sample Size, and Diversity Measures [Legend below] 

Authors Year Sample Size 
Diversity 
Measures  
(D1-D7) 

Ancona and Caldwell 1992 45 teams D1, D2, D3 

Bowers, Pharmer, and Salas 2000 567 teams D1, D4, D2,  

Cady and Valentine 1999 50 teams D1, D2 

Callaghan 2009 9 teams D1, D7 

Cohen and Bailey 1997 1265 teams D3 
Deeter-Schmelz, Kennedy, and 
Ramsey 2002 85 teams D2 

Devine et al 1999 128 subjects D1, D2 

Fisher, Maltz, and Jaworksi 1997 180 subjects D1 

Froehle, Roth, Chase, and Voss 2000 175 firms D1 

Gebert, Boerner, and Kearney 2010  D1 

Madhavan and Grover 1998 5 teams D1, D4, D5 

Hitt et al 1999 16 team members D1 

Horwitz and Horwitz 2007 37 studies D1, D2 
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Howell and Shea 2006 269 subjects D2 

Janssen and Huang 2008 157 team members D1, D2, D3 

Keller 2001 93 teams D1, D3 

Lin et al 2005 45 teams D1, D4 

Lovelace, Shapiro, and Weingart 2001 328 teams D1 

McGrath, MacMillan, and 
Venkataraman 1995 160 subjects D3 

Mohammed 2001  D1, D7 

Peelle 2006 6 teams D1 

Sethi, Smith, and Park 2001 141 teams D1 

Sethi 2000 118 teams D1, D3 

Shoobridge 2006 97 studies D2 

Tyran and Gibson 2008 57 teams D1, D2, D6 

Valenti and Rockett 2008 49 subjects D3, D2 

Van der Vegt and Van der Vliert 2005 20 teams D1 

Van der Vegt and Janssen 2003 41 teams D1, D2 

 
Legend: D1 (functional background), D2 (demographic variables), D3 (team tenure), D4 (working styles of team 
members), D5 (team size), D6 (knowledge sharing skills), D7 (attitudes, beliefs and values), D8 (personality 
differences), D9 (type of team) 

 
Table 2.2: Papers by Effects of Diversity, Mediating Factors, and Outcome Measures 

[Legend below] 

Authors 
Effects of 
Diversity 
(E1-E12) 

Mediating Factors 
(M1-M15) 

Outcome 
Measures 
(O1-O17) 

Ancona and Caldwell E3, E8 M7 O1 

Ancona E4 --- --- 

Bowers, Pharmer, and Salas --- M14 O1, O9, O12, 
 O17 

Brown and Eisenhardt E3, E8 M2, M4, M5,  
M10, M11 O10, O11, O16 

Cady and Valentine E1 --- O12, O13 

Callaghan --- M2, M5 O12, O13 
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Cohen and Bailey E7, E8, E9,  
E11 M1, M2 O9, O10, O11 

Deeter-Schmelz, Kennedy, and 
Ramsey E14 M2, M3 O1, O14 

Devine et al E1, E9, E11 M2, M6 O3, O10, O11 

Fisher, Maltz, and Jaworksi E3, E5 M1, M2, M7 O6, O8 

Froehle, Roth, Chase, and Voss --- M2, M5, M6,  
M8 O4, O10, O11 

Gebert, Boerner, and Kearney E3, E5, E8,  
E9, E10 M5, M10 O1, O3, O13 

Madhavan and Grover E1, E5, E7 --- O10, O11 

Hitt et al E3, E5 M2, M3, M4,  
M5 O1, O10 

Horwitz --- --- O10, O11 

Horwitz and Horwitz --- --- O9, O12, O17 

Howell and Shea E11 M2, M5, M7 O1 

Janssen and Huang E1, E2, E4,  
E10 --- O1 

Keller E1, E3, E4,  
E9, E10 --- O3, O10, O13 

Lin et al E1, E6, E11 --- O1 

Lovelace, Shapiro, and Weingart E1, E3, E8,  
E9 M2 O1, O2, O3, 

O12, 
McGrath, MacMillan, and 
Venkataraman E3, E5 M2 O14, O15 

Mohammed E5, E11 M6 --- 

Peelle E3, E5 M2, M6 O10 

Sethi, Smith, and Park E2, E3, E7,  
E8, E11, E12 M2, M4, M9 O5, O10 

Sethi E1 M3 O13 

Shoobridge --- M32 M12,  
M13, M15 O2 

Tyran and Gibson E3, E5 --- O1 

Valenti and Rockett E10 --- O6 

Van der Vegt and Van der Vliert E9 M6 O7 

Van der Vegt and Janssen E1 --- O5 

Weick and Roberts E3, E5 --- O1 

 
Legend  
E1 (trust in team members), E2 (creative behavior), E3 (collaborative communication), E4 (citizenship behavior), 
E5 (shared mental models), E6 (partition and division of tasks), E7 (creative abrasion), E8 (contentious 
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communication), E9 (intra-team task disagreement), E10 (individual differences), E11 (centrality-focal point of 
leadership), E12 (social cohesion) 
 
M1 (rewards), M2 (leadership support), M3 (physical proximity), M4 (supplier and consumer involvement), M5 
(organizational politics), M6 (decision making strategy), M7 (communication with boundary groups), M8 (IT 
technology integration), M9 (encouragement to take risks), M10 (synergistic communication and formation of group 
identity), M11 (gatekeepers), M12 (international development), M13 (diversity orientation and HR policies), M14 
(task complexity), M15 (support networks) 
 
O1 (team performance), O2 (team adaptability), O3 (constraint adherence), O4 (personal affect), O5 (innovative 
behavior), O6 (social network patterns), O7 (helping behavior), O8 (information use), O9 (social integration), O10 
(effectiveness), O11 (efficiency), O12 (quantity of new ideas), O13 (new product performance), O14 (goal 
achievement), O15 (competitive advantage and profit), O16 (financial performance), O17 (quality of performance) 

 
It would have been interesting to perform a meta-analysis that included all of these variables, and 
to extract some more general conclusions that cut across the literature. Unfortunately, the 
diversity in the metrics used across the papers was too large, and the number that reported useful 
statistical data was not sufficient to create a conclusive analysis.  A number of papers reported 
conflicting results, but often used different combinations of metrics, making comparison of their 
results difficult. We are thus left with the need for more comprehensive research on diversity and 
teams that includes more of the relevant variables and thus allows us to test the broader model 
that is presented here. 
 

2.2 Literature on Learning Styles 
 
As the research on team diversity grows, focus has expanded to product design teams. Because 
design teams are intentionally created with different skillsets and experiences, they are inherently 
diverse and naturally interdependent, and thus ideal candidates for observing the effect of 
diversity. Design teams also provide an excellent platform for studying team dynamics because 
of the close team member interactions. Tuckman and Lorge (1962) found that a group’s 
problem-solving success is more dependent on having a capable team member than on having a 
functional group. It follows that the learning style of each team member might have an effect on 
group interactions.  
 

2.2.1 The Importance of Learning Styles 
 
Learning styles have been largely studied in education, with interesting implications from 
mismatched learning styles that can translate to design team interactions. Pask (1988) finds that 
students learn better when lessons are delivered in their preferred style, resulting in better 
information retention, attitudes toward learning, and overall effort and effectiveness (Dunn et. al, 
1981) (Rasmussen, 1998). Felder and Silverman (1988) explore learning styles in engineering 
education and find negative impacts from mismatched learning styles between professors and 
students. Conversely, they argue that students are more satisfied and develop better mental 
agility to adapt and succeed when forced to adjust to a teaching style different from their 
preferred style (1988). 
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There are also a variety of studies within specific disciplinary fields that describe how learning 
styles apply to those fields. In education, learning styles were matched with teaching skills, and 
considered as a framework for curriculum and program design (Fox & Bartholomae, 1999). In 
business, learning styles were matched with management style, decision-making, and problem 
solving skills (Loo, 2002). In computer and information science, learning styles were compared 
against online learning behaviors and performance in computer training (Lu et. al, 2007). Some 
researchers also examined learning style trends of surgery residents and nurses in the medical 
field (Engels & de Gara, 2010). 
 
These research studies demonstrate that learning styles matter in how people react and adapt to 
different situations, yet the effect of learning styles within design teams is mostly unexplored. 
This provides the important opportunity that I have leveraged in this research. 
 

2.2.2 Learning Styles in General Population 
 
In a 1981 study, Kolb sampled a large population of practicing managers and graduate students 
in management. From this emerged a pattern of relationships between learning styles and 
undergraduate majors that seemed to indicate that undergraduate discipline is an important 
influence in learning style. The academic disciplines could be separated into four fundamental 
groups that fit into the learning style quadrants.  
 
Kolb also posits that some learning styles will be typical in certain vocations, because of the 
experiences one undertakes in studying a specific profession (Kolb, 1984) (Loo, 2002). For 
instance, Kolb found that individuals in human-related professions (educators, social workers, 
nursing) tended towards concrete learning and were more likely to be accommodators. Engineers 
and decision-makers were high in converging learning styles, whereas professionals in the arts 
and humanities were high in diverging learning style. Mathematicians and scientists mostly 
preferred the assimilating learning style (Kolb, 2005).  

 
Table 2.3: Learning Style Characterizations  

  Accommodating Converging Assimilating Diverging 

MBTI Extraverted, 
Sensing 

Extraverted, 
Thinking 

Introverted, 
Intuitive 

Introverted, 
Feeling 

Undergraduate 
Disciplines 

Business and 
management 

Physical sciences and 
engineering 

Natural sciences 
and math 

Humanities and 
social sciences 

Professional Field Business and 
organizational field 

Technology and 
environment science 

Sciences, 
information, or 

research 

Social service, arts, 
and communication 

Job Role 
Task 

accomplishment and 
decision making 

Technical and 
problem solving 

Data gathering and 
analysis 

Establishing 
relationships, 

effective 
communication 

Adaptive 
Competencies Acting skills Decision skills Thinking skills Valuing skills 
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There has also been extensive research that correlates learning styles with various demographic 
factors, such as personality, culture, professional career, job role, and adaptive competency. 
Table 2.3 summarizes general characterizations of learning styles across some of the factors that 
were examined by Kolb (1981). 
 
Design teams are generally composed of members from across the functional areas of a firm, 
including business and engineering. Thus, one might imagine that the preponderance of 
participants on those teams would display accommodating and converging learning styles. 
Similarly, as design and innovation projects in the classroom draw from students in multiple 
disciplines, one might expect to see even more representation of different learning styles. 
However, as revealed in this literature review, there is a lack of exploration of diversity in design 
teams, especially in the context of learning styles despite the logical overlay of learning styles 
with the design process. 
 
This research shows the extent to which the learning styles are represented in design and 
innovation activities, both in industry and in the academic world. It examines learning styles 
within a design population to provide an understanding of learning styles in innovation-oriented 
populations and explores how designers compare against the general populace, and ultimately 
helps leverage diversity to optimize design outcomes. 
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Chapter 3  

The Database  
This section contains a summary of the test bed used in this research and the process used to 
collect the data. 
 

3.1 Research Test Bed 
 
The primary goals of this research are to understand the diversity in the design population from a 
learning style perspective, and then to understand the effects of diversity in learning styles on 
design team outcomes. To that end, diversity information was gathered from people engaged in a 
variety of innovation- and design-oriented activities to build a relevant database. Below are the 
major groups that were surveyed: 
 
Academic 
Business Administration (BA) Students at UC Berkeley 
Students enrolled in four different BA programs at UC Berkeley, including full-time MBA 
students, evening-weekend MBA students, executive MBA students, and undergraduate BA 
students.  
 
Design Project Students at Various Universities 
Students enrolled in various project-based design courses at UC Berkeley, Stanford University, 
University of Pennsylvania, and Korea Advanced Institute of Science and Technology. Each 
course focused on teaching the innovation process and was made up of multi-disciplinary 
students, with a mixture of engineering, business, design, and art majors. Data were also 
gathered from students enrolled in an undergraduate Integrated Design Program at an anonymous 
U.S. university who represented engineering, business, and design disciplines. 
 
Corporate 
Consultants in an International Corporation  
This group comprises a large consultancy population that was learning about the design process 
to integrate into their company’s process. 
 
Product Managers 
These product managers were participants in a UC Berkeley-hosted program that teaches design 
thinking and managing innovations, with emphasis on balancing the dual roles of General 
Manager and Product Designer through the design cycle. 
 
Executives and Academic Administrators 
This group is made up of company executives from a variety of fields (e.g., information 
technology, banking, consumer products, biotechnology, medicine) and academic administrators 
who were interested in innovation and were participants in leadership development and 
innovation programs at UC Berkeley. 
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3.2 Data Collection 
 
The data were collected through online surveys administered to each participant. The list below 
describes the specific diversity information that was captured: 
 
Learning styles, based on David Kolb’s Experiential Learning Theory and defined as 
Assimilating, Converging, Accommodating, Diverging, and Balanced. The Learning Style 
Inventory used to identify the learning styles is described in more detail below. 
 
Gender, defined as male and female. 
 
Undergraduate disciplines, organized into the following eight categories: Accounting, Applied 
and Fine Arts, Business, Computer Science, Engineering, Science and Math, Social Science, and 
Undeclared. 
 
Ethnicity, organized into the following seven categories: Asian, Australian, Black or African 
American, Caucasian or White, Hispanic or Latino, Mixed Race, and Other. 
 
Job title, captured in freeform response and then organized between Executives (those who 
manage others and have decision-making authority) and Individual Contributors (non-
management members with day-to-day responsibilities). 
 
Myers Briggs Type Indicator (MBTI) type, which identifies personality type based on preferences 
over four dichotomies: intuition versus sensing, feeling versus thinking, perception versus 
judging, and introversion versus extraversion. The personality assessment tool3 defines sixteen 
different MBTI types. 
 
For students engaged in project-based design courses, the information below was also collected.  
 
Team and 360 evaluations, in which students evaluated the performance of each individual on 
their team as well as their team’s overall performance. These data were captured through 
comprehensive surveys administered at the halfway point and end point of the project and 
provided valuable insights into actual interactions between team members. This ultimately 
helped paint a clearer picture of how teams of different makeups react and adapt to one another. 
 
Assessment of ABET skills, in which students self-assessed their strengths in design and 
engineering skills defined by Accreditation Board for Engineering and Technology. These 
responses were captured to investigate how design students from different backgrounds perceive 
their own skills differently, and possibly participate in design teams differently. 
Table 3.1 enumerates the responses that were captured for each group in these categories. The 
totals for each column are different because not all diversity factors were recorded across the 
entire population.  
 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3 The Humanmetrics Jung Typology Test instrument at www.humanmetrics.com was used as a 
proxy for identifying MBTI personality types. 
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Table 3.1: Summary of Data Collected 

  Learning 
Style Gender UG 

Major Ethnicity Job 
Level Company MBTI 

type 

Academic 4616 4616 3467 2085 1950 1836 1138 

Corporate 2070 2070 374 785 1503 1732 0 

Grand Total 6686 6686 3841 2870 3453 3568 1138 

 

Learning	  Style	  Inventory	   	  
There are currently six versions of the Learning Style Inventory (LSI) in circulation. The LSI is a 
validated and reliable tool and is widely used in research and education [XXXX]. Version 3.1 
was published in 2005 and is used in this research with permission from the Hay Group.  
 
The learning style inventory is made up of 12 questions. Each question prompt gives four 
different sentence endings that the respondent must rank in order of preference. The tool is 
worded such that each sentence ending correlates to a different dimension of learning (e.g., 
Concrete Experience, Abstract Conceptualization, Active Experimentation, and Reflective 
Observation), thus requiring respondents to purposefully rank the four different learning modes 
as they answer each question.  
 
These rankings are then evaluated collectively across all 12 questions to calculate each person’s 
score in the four learning orientations (abstract, concrete, active, and reflective). A higher score 
represents a higher preference for that learning mode and these scores are used to identify overall 
learning styles.  
 

3.3 High Level Summary of Data 
 
The entire population is made up of 34.3% females and 65.7% males and can be divided into 
college students (24.8%), graduate students (44.2%), and working professionals (31.0%). Below 
is a visual of the learning style makeup of the population (Figure 3.1).  
 
The large representation of converging learners (39%) and small representation (3%) of 
diverging learners in the population is a very startling result. The absence of diverging learners is 
particularly concerning because of the contributions they bring to the design cycle. People with 
diverging learning style are good at seeing situations from multiple viewpoints, at understanding 
people, and at recognizing problems. With rising interest in customer-focused design, it is 
important that design teams are able to listen with an open mind and can imagine the 
implications of ambiguous situations; the low numbers of divergers in the population means their 
skills are lacking from the process. 
 



	  

	  

21	  

 
Figure 3.1: Overall Population Learning Styles 

 
Table 3.2: Learning Style Scores for Overall Population 

 AC AE CE RO 
Mean 34.29 32.62 24.87 28.12 

Std Dev 6.92 6.68 5.97 7.06 
 
 
The dominance of convergers has similar implications. Converging learners are generally 
strongest at problem solving and decision-making, but are not as well suited for framing 
problems. This is troublesome if the problems that convergers are being asked to solve are 
unclear or ambiguous. They can only find effective applications for ideas and theories if they 
understand what they are trying to solve. Otherwise, they may find themselves in an endless 
cycle of ideas. 
 
Table 3.2 shows the overall learning style scores of the entire population, which further support 
the converging learning style profile. The lowest score is in the Concrete Experience dimension 
[24.87], whereas the highest score is in the Abstract Conceptualization dimension [34.29]. In 
general, this is a population of abstract thinkers. 
 
These findings set up the discussion and analysis to presented in the following chapters. The 
population will be further characterized against other diversity factors and evaluated in detail, 
and the results provide further insight into this innovation-oriented group. 
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Chapter 4  

Overall Learning Style Characterizations  
This chapter compares and contrasts learning styles across a variety of populations that are 
engaged in design and innovation work including: differences between college students and 
professionals in design, engineering, and business; differences among genders; differences by 
ethnic group; differences across disciplines; and differences by country. The chapter is separated 
into three sections. The first section characterizes the student population. The second section 
examines the industry population. The third section compares student and industry populations 
and reviews the entire database as one. In sum, this chapter addresses the first and second 
research questions posed in Chapter 1.  
 

4.1 Students 
 
In this section, the learning styles of business, design, and engineering students participating in 
design teams are examined. This group offers a key look into the learning style preferences of 
academics in an innovation-oriented population and is interesting for a variety of reasons. First, 
these students will ultimately enter the professional workforce, with design-oriented thinking, if 
not directly into the design world. Do their preferences reflect those of the professional design 
population, the general population, or are they of their own makeup? These students are also 
definitively split into specific majors, but participating in design activities. What prevails in their 
learning style preferences – design thinking or major fields? The same question can be raised 
about influence of gender bias. This analysis will provide a characterization of the academic part 
of the design population. 
	  

4.1.1 Survey Populations and Methods 
 
These data were gathered from 2010 through 2012 from a number of different student 
populations at the undergraduate and graduate level (Table 4.1). The main disciplines 
represented in this pool are engineering and business administration, but include data from other 
fields within the sciences and humanities as well.  
 
The undergraduate student data were collected at three universities:  

1. Korea Advanced Institute of Science and Technology (KAIST): from students taking a 
freshman-level course focused on the fundamentals of conceptual design and critical 
thinking. 

2. Anonymous U.S. University: from the entire entering class of 2015 to a new Integrated 
Design Program (IDP).  

3. University of California, Berkeley (UCB): from students enrolled in an upper-level 
course focused on the engineering design process and conceptual design of products. 
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Table 4.1 Overall Survey Population4 

 # of Participants 

Undergraduate 828 
Graduate 1397 
TOTAL 2225 

 
The graduate student data were collected primarily through various classes on design-related 
topics offered at the UCB Haas School of Business, the UCB College of Engineering, and the 
California College of the Arts.  
  
The data were collected through online surveys that were administered at the beginning of the 
classes. Information was collected about learning styles, as well as demographic data about 
gender, ethnicity, and undergraduate major. 
 

4.1.2 Results 

4.1.2.1 Comparison of Learning Styles By Gender 
	  
First, the four learning styles are evaluated to determine whether there is equal representation 
across genders. Table 4.2 shows the distribution of learning styles by gender. Pearson’s Chi-
Squared Test for categorical data was used and results show that there are populations in which 
the learning styles of males and females differ, but this does not hold true for all populations, 
most notably the engineering population. 
 
Table 4.3 summarizes the p-values for the significance of gender differences in each of the target 
populations in the study. This analysis is based on the percentages of learning styles present in 
the population. There is statistical significance (p≤0.05) in six instances, suggesting that learning 
styles are different by gender in certain circumstances. Overall, there is a statistically significant 
difference in learning styles between females and males at aggregate levels, such as in the entire 
population of subjects. 
 
When the overall population is broken down, not all groups show statistically significant 
differences by gender. Collectively, the population of all graduate students (with a p-value of 
0.00), the population of all MBA students (again with a p-value of 0.00), the population of all 
undergraduate students (with a p-value of 0.01), and all undergraduate business students (p-value 
of 0.02) show significant differences by gender. The graduate engineering students (p-value = 
0.29) and undergraduate engineering students (p-value = 0.20) as well as the KAIST students, 
who are largely engineering, (p-value = 0.49), do not show any statistically significant gender-
related learning style differences.  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4 Section 4.1 only covers data captured from 2010 to 2012; the additional data described in 
Chapter 3 was not included in this section analysis. 
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Table 4.2 Distribution of Learning Styles in the Study Population (2010-2012) 

 
Study Population 

 
Female Male Total 

Accommodating 120 16% 127 9% 247 

Assimilating 128 17% 340 23% 468 
Balanced 204 27% 273 19% 477 
Converging 265 35% 700 47% 965 

Diverging 38 5% 30 2% 68 
Grand Total 755  1470  2225 

 
 

Table 4.3 Statistical Significance of Gender Differences in Each Study Population 

 
Gender Total p-value 

1 Entire population 2225 0.00 
2 Graduates (All) 1431 0.00 
3 Graduates (Engineering) 113 0.29 
4 Graduates (MBA) 1275 0.00 
5 Undergraduates (All) 828 0.01 
6 Undergraduates (KAIST) 400 0.49 
7 Undergraduates (Business Administration) 85 0.02 
8 Undergraduates (Engineering) 150 0.20 
9 Undergraduates (IDP) 179 0.03 

 
 

Table 4.4 Distribution of Learning Styles in Undergraduate Students 
by Institution and Major 

 

IDP UCB - Business 
Administration 

UCB - 
Engineering KAIST 

 
Female Male Female Male Female Male Female Male 

Accommodating 24% 16% 4% 21% 13% 5% 11% 13% 
Assimilating 13% 20% 13% 14% 25% 22% 16% 23% 
Balanced 49% 38% 34% 14% 26% 26% 35% 33% 
Converging 11% 27% 43% 50% 38% 45% 32% 27% 
Diverging 2% 0% 4% 0% 0% 1% 7% 4% 
Grand Total 123 56 23 14 16 76 133 273 
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By contrast, the learning styles of the non-engineering populations – UCB Business 
Administration and the IDP at a small, private university focused on Liberal Arts – do show 
statistically significant differences in learning styles between genders. That being said, the 
breakdown of the MBA population reveals 25% come from an engineering background and 15% 
come from a computer science, science, or math background. This means 40% of the MBA 
group formerly practiced in engineering or related areas before transitioning into the business 
field. This reveals an intriguing pattern of current engineering students having no significant 
gender differences in Kolb learning styles. These gender neutral results from the engineering 
student population could be due to a bias in self-selection or in socialization in technical majors. 
	  

4.1.2.2 Comparison of Learning Styles by Status, Discipline, and Location 
 
There are several other factors besides gender that distinguish the populations studied, including 
status, discipline, and geographical location. In this section, the outcome of comparisons of 
learning styles across these dimensions is described. The results of comparisons across academic 
institutions for the undergraduate students are summarized in Table 4.5 and p-values below 0.05 
signify statistically significant results. In this table, “U.S. Universities” represents aggregate data 
from UCB, CCA and IDP (Table 4.5, Item 1). Table 4.6 then displays the learning style 
distribution of these undergraduate populations. 
 
The results for the Korean university students are most striking (Rows 1-5 in Table 4.5), as they 
show statistically significant differences with all of the other student populations studied except 
for the CCA students. Although it is not surprising that these technically-oriented students would 
show up as different than the design-oriented IDP students, it is surprising that they showed up 
differently than the UCB undergraduate engineering population. It could be that there are other 
factors at work, such as age (the population at KAIST consisted of Freshman/Sophomores, while 
the population at UCB was composed of Junior/Seniors) or cultural differences between the 
Korean education system and the U.S. one.  
 
The only student population that KAIST is not statistically different from is that of the California 
College of the Arts (CCA) students. In fact, CCA students are not statistically different from any 
other population. This is surprising, considering the CCA students specialize in Art and Design, 
which are inherently different from the technical concentrations of the other undergraduate 
populations we surveyed. However, the lack of significance could very well be due to the small 
numbers of students from CCA that were part of this study population, making them statistically 
indistinguishable. The results from KAIST and UCB (Engineering) students are different than 
the population at IDP, suggesting that there is a difference in learning styles between 
engineering-focused students and design-focused ones. 
 
Alternatively, there is a high statistical difference between the IDP students and the UCB 
Engineering students (p-value = 0.00), which may highlight a difference between technical and 
non-technical disciplines. This difference in learning styles is predicted by previous research 
linking disciplines with learning style preferences (Table 2.3). However, the actual learning 
styles predicted for each field do not match those of our population, with the exception of 
engineers as converging learners.  
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Table 4.5 Statistical Significance of Learning Style Differences between Undergraduate 
Populations by Institution and Major 

 Undergraduate Students p-value 

1 KAIST vs. U.S. Universities 0.00 
a      KAIST vs. IDP 0.00 
b      KAIST vs. UCB (Engineering) 0.00 
c      KAIST vs. UCB (Business Admin) 0.02 
d      KAIST vs. CCA 0.72 

6 CCA vs. UCB (Engineering) 0.41 
7 CCA vs. IDP 0.22 
8 IDP vs. UCB (Engineering) 0.00 

 
Note: Items a-d are a subset of Item 1 (US Universities). The undergraduate groups are each represented with a 
different style type to highlight the groups being compared: KAIST, UCB, CCA, IDP 

 
Table 4.6 Learning Style Distribution of Undergraduate Population by Institution 

 

KAIST UCB 
(Engr) 

UCB 
(BA) IDP CCA 

Accommodating 50 12% 6 7% 4 11% 39 22% 5 17% 
Assimilating 85 21% 21 23% 5 14% 27 15% 5 17% 
Balanced 137 34% 24 26% 10 27% 81 45% 8 28% 
Converging 115 28% 40 43% 17 46% 29 16% 10 34% 
Diverging 19 5% 1 1% 1 3% 3 2% 1 3% 

Grand Total 406 100% 92 100% 98 100% 179 100% 29 100% 

 
Table 4.7 Learning Style Distribution by Ethnicity 

 
Ethnicity p-value 

1 Asian vs Non-Asian 0.36 

2 White vs Non-White 0.21 

3 Hispanic vs Non-Hispanic 0.28 

 
People in the business field are expected to have an accommodating preference; our population 
shows nearly 50% convergers. Likewise, those in the arts field reported as having a diverging 
learning style preference. In our art student population (CCA), the diverging learning style is the 
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least represented. We might expect the IDP students to match closely with the art field as well, 
but they are mostly comprised of people with balanced learning style. That this IDP population 
has a much lower representation of converging learners does imply that its students are at least 
different from engineering and business students. Regardless, these results reveal that our 
innovation-oriented population is quite different from the general population. 
 

4.1.2.3 Comparison of Learning Styles by Ethnicity 
 
Learning styles and ethnicities were also explored, but no statistical significance (p<0.05) was 
found for any of the populations in which ethnicity information (Table 4.7) was collected. 
This is an intriguing result, as there was significance when comparing the undergraduate 
population at a Korean university with the aggregate populations at U.S. universities. Perhaps 
this speaks to the culture that a person is raised in – the UCB student population is ethnically 
diverse but many are raised in American culture. These comparisons were chosen to evaluate 
whether a specific ethnic group had an influence when compared with collective population. 
 

4.2 Industry 
 
In this section, learning styles of industry professionals in the innovation-oriented population are 
examined. It is important to understand this group because these are design thinkers in the 
corporate world, actively creating products used in industry. Does this group match the profile of 
the general populace or do they look like a designer population might? How they leverage 
diversity in their teams will be reflected in the quality of their products.  
	  

4.2.1 Survey Population and Methods 
 
Data were collected from a mix of 2,070 professionals primarily in the business field. These 
participants come from companies ranging from a large international consultancy (primarily 
Australians) to a financial services provider (U.S.-based, but with multinational participants) to a 
large pharmaceutical company (U.S.-based, with U.S. and European participants). Table 4.8 
presents a summary of major groups represented in the industry population. 

 
Table 4.8 Industry Population5 

 Total 
International Consulting Firm (ICF) 745 
Executive Program 229 
Product Management Program 786 
Various Technology Companies 310 

 2070 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5	  Section 4.2 covers all the industry data as described in Chapter 3. 
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4.2.2 Results 

4.2.2.1 Comparison of Learning Styles by Gender 
 
Table 4.9 displays the distribution of learning styles by gender in industry. Table 4.10 presents 
the p-values calculated from Pearson’s Chi-Squared test for categorical data. Results show that 
there is a statistically significant difference (p≤0.05) in learning styles between males and 
females for the overall industry population as well as for two of the specific groups: a large 
international consultancy and the Product Management Program participants.  

 
Table 4.9 Distribution of Learning Styles in the Entire Industry Population 

 Entire Industry Population 

 Female Male 
Accommodating 76 13% 109 7% 
Assimilating 126 21% 431 29% 
Balanced 170 28% 339 25% 
Converging 214 35% 554 38% 
Diverging 22 4% 29 2% 
Grand Total 608  1462  

 
Table 4.10 Statistical Significance of Gender Differences in Each Industry Population 

 p-value 
Entire population 0.00 
Large International Consultancy Firm 0.01 
Executive Education Program 0.11 
Product Management Program 0.00 

 
Table 4.11 Product Managers by Undergraduate Disciplines 

 Product Managers 

 Female Male Total 
Accounting 4% 3 2% 4 2% 7 
Applied & Fine Arts 1% 1 1% 3 1% 4 
Business 20% 16 15% 31 16% 47 
Computer Science 16% 13 17% 35 17% 48 
Engineering 26% 21 36% 75 33% 96 
Science/Math 20% 16 13% 28 15% 44 
Social Science 13% 10 15% 32 15% 42 
Grand Total  80  208  288 
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Table 4.12 ICF Learning Styles by Gender 

 International Consulting Firm 

 Female Male Total 

Accommodating 32 17% 52 9% 84 11% 
Assimilating 29 16% 126 22% 155 21% 
Balanced 50 28% 132 24% 182 17% 
Converging 68 37% 236 42% 304 41% 
Diverging 5 3% 15 3% 20 3% 
Grand Total 184  561  745  

 
Table 4.13 Learning Style Means and Standard Deviations by Gender 

  AC AE CE RO 

Male 
Mean 36.1 31.8 25.5 26.6 

Standard Deviation 6.51 6.89 6.73 7.34 

Female 
Mean 33.4 33.5 26.8 26.3 

Standard Deviation 7.13 5.66 7.81 7.77 

 
Some insight might be gained by looking at the educational background of the working 
professionals. Unfortunately, this information was not captured for the entire industry pool, but 
the undergraduate majors are presented in Table 4.11 for the Product Managers. It can be seen 
that engineers make up only about one-third of the population and the rest of the group is equally 
divided between the remaining majors. In the student analysis above, statistical significance was 
found in gender analysis only for the less technical groups. This aligns with the results with 
Product Managers, who are majority non-engineers and also show that gender does matter in 
learning styles.  
 
The large, international consultancy firm (henceforth referred to as ICF) is comprised of 184 
females and 561 males. Table 4.12 shows the learning styles distribution of the population. 
However, even more interesting are the actual learning style profiles (Figure 4.1), which 
highlight a slight gender difference in how the ICF group perceives information, with females 
showing greater preference for concrete thinking while males hover higher in the abstract region.  
 
The numerical scores of the four dimensions (AC, AE, CE, RO) were additionally analyzed for 
significance, beginning with a Kolmogorov-Smirnov test on each dimension to confirm normal 
distribution across the entire population (Figure 4.2). The mean scores and standard deviation are 
presented in Table 4.13. A Hotelling’s multi-variate T-test analysis was then run for each 
dimension, by gender (e.g., AC female, AC male, AE female, AE male, etc) with the following 
results: T2 = 2.4934 and p = 0.04. These findings further support that there is a significant 
difference between men and women in their learning style scores. 



	  

	  

30	  

	  
Figure 4.1 ICF Learning Style Profile by Gender 

 

 

 
Figure 4.2 Kolmogorov-Smirnov Normal Distribution Plots (# people vs score) 
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It is seen with both students and professionals that gender affects learning styles. This is thus an 
important factor to consider when forming design teams, as it may influence how an individual 
contributes in the design process. For instance, women (as accommodators) might perform best 
in the solutions phase of the project, so it is prudent to emphasize their role in that phase. 
Ultimately, this understanding can help everybody optimize the design process.  
 

4.2.2.2 Learning Style by Job Level 
 
In this section, I investigate the learning styles by job levels, for executives versus individual 
contributors. Executives are those who manage others and have decision-making authority; this 
group is made up of CEOs, Vice Presidents, Directors, and other equivalent roles. Individual 
contributors are non-management members with day-to-day responsibilities; this group is made 
up of engineers, analysts, and other equivalent roles. A T-test analysis gives p-value of 0.87, 
revealing that job level does not affect the four dimensional scores.  
 
This result is not exactly congruent to what might be expected given the different tasks and 
responsibilities of the two roles. For instance, executives might be more tasked with decision-
making in tenuous situations (accommodating) or may need to build and maintain solid 
partnerships and communication (diverging), whereas individual contributors must have strong 
problem-solving skills (convergent). However, in this population, the makeup is very similar 
with converging learners dominating and a paucity of diverging learners. 
 
Figure 4.3 displays learning style distribution of contributors and executives for (1) the ICF 
group, (2) employees in other companies, and (3) graduate students (e.g., their professional role 
prior to enrolling in graduate school). Figure 4.4 maps the overall profile of executives and of 
contributors in ICF and Figure 4.5 displays the same for other working professionals and for 
graduate students. All three groups have nearly identical profiles, as expected with no statistical 
significantly different results. 
 

4.2.2.3 Learning Style by Department 
 
The ICF is made up of eight departments that each provides a different type of service to the 
customer. For each of these eight groups, the learning style breakdown is presented in Figure 4.6; 
the results are striking. Despite each department having a different goal and service, the profiles 
are mostly the same. This could imply that regardless of the end product, the ICF team as a 
company follows the same process to its goals.  
 
There is one exception: Group E, which presents a rarely seen breakdown of Divergers being 
more highly represented than Convergers, and Balanced learners dominating. In fact, this group 
is internal facing and must support the needs of every group across the entire firm. This aligns 
with the diverging learning style and the accompanying ability to identify with different 
viewpoints. So although this group does not match the profile of the rest of the company, it is 
made up of members with the best learning style preferences for fulfilling their responsibilities. 
Figure 4.7 presents the learning style profile of the entire industry population compared to the 
ICF group. 
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Figure 4.3 Learning Styles by Contributor versus Executives 

 
 

       
Figure 4.4 ICF Learning Style Profile by Job Level 
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Figure 4.5 Learning Style Profile by Job Level, Graduates and Industry Professionals 
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Figure 4.6 ICF Learning Style Profile by Department 

 
 

 
Figure 4.7 Learning Style Profile of ICF versus Overall Industry 
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4.3 Combined Students and Industry 
 
In this section, student and professional groups are combined and the entire population described 
in Chapter 3 is evaluated. This characterization is what will give the broadest view of this 
innovation-oriented population, and set up the research basis for understanding how learning 
style diversity affects design outcomes. 
	  

4.3.1 Survey Population and Methodology 
	  
In this section, the entire research population is evaluated. The breakdown is in Table 4.14. 

 
Table 4.14 Overall Survey Population6 

 Total 

Undergraduate 1623 
Industry 2070 
Graduate 2993 

Grand Total 6686 
	  

4.3.2 Results 

4.3.2.1 Perception and Processing Continuums 
 
Previous research has shown that males are more abstract than females and that there are no 
significant gender differences in action over reflection (Kolb, 2005). To measure this in the 
population, the scores are examined along each axis: Perception Continuum, AC-CE and the 
Processing Continuum, AE-RO. The tendency for abstract thinking is quantified by subtracting 
the CE (concrete) score from the AC (abstract) score, with a higher result representing greater 
preference for abstract over concrete thinking. Active processing is evaluated by subtracting the 
RO (reflective) score from the AE (active) score, with a higher result showing greater preference 
for action over reflection. Results for the entire female and male populations are displayed in 
Figure 4.8. 
 
There is a visible difference in the AC-CE (abstract) scores, with men showing a higher AC-CE 
value than women. However, the AE-RO (active) scores are nearly equal; men and women have 
equal preferences for action and reflection. In Figure 4.9, we observe higher AC-CE scores in 
graduates, but lower AC-CE scores in working professionals. What is fascinating is the 
implication that abstract people might be more attracted to academics, while less abstract 
thinkers tend more towards industry. Indeed, people who actively design new products in 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
6 This section presents an analysis of the entire research test bed described in Chapter 3 to 
provide insights of the collective design population. 
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industry probably enjoy being involved in new experiences (CE), while researchers excel at 
creating and refining theories to explain observations (AC). Once understood, it is possible to 
leverage these preferences in any design that is created.  

 

	  
Figure 4.8 AC-CE and AE-RO Scores, by Gender 

 

 
Figure 4.9 AC-CE and AE-RO Scores, by Status 
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Table 4.15 Learning Style scores of MBA students  

 AC AE CE RO 

FTMBA (2012-2016) 35.5 33.7 24.0 26.9 

EWMBA (2011-2015) 34.9 32.6 24.1 28.4 

MBA program in Europe (2012-2013) 34.0 32.3 26.4 27.3 

 
What is fascinating to note is that each group mostly maintains a consistent learning style profile 
over a number of years, despite each year consisting of entirely different people. For instance, 
the Full-Time MBA students have a nearly identical learning style profile between 2012 and 
2016 (Figure 4.11). The same can be said for the learning style profile of IDP students over three 
years (Figure 4.17). Yet, profiles do vary when comparing between different groups, such as 
with the Full-Time MBA and IDP students.  
 
Figure 4.10 maps the learning style profile of every group on one grid. While the collective 
profiles lean into the Converging quadrant – which is not altogether surprising given the above 
observations of the population – nuances can be seen between the groups.  
 
The Full-Time MBA student profiles are nearly identical to that of the Evening-Weekend MBA 
students (Figure 4.12). This is perhaps expected, given that both groups are pursuing MBAs and 
may thus have similar inclinations. Students in a business school in Europe (Table 4.15) have a 
similar profile, but are the most dissimilar of the three different MBA groups. Perhaps this is due 
to a cultural difference. 
 
The ME110 and NPD populations also share very similar profiles. This could be due to the 
curriculum being similar (but at undergraduate and graduate levels) between the two classes, 
therefore attracting like-minded learners. That a portion of the NPD class is made up of MBA 
students could also explain why the NPD profile matches so well to FTMBA students. 
Comparing between all populations (Table 4.16), the three most different profiles are those of the 
IDP students, an Executive Program in Asia, and a business school in Europe. In fact, of all the 
populations, they also have the most different backgrounds – (1) students primarily engaged in 
an integrated design program in a liberal arts university, (2) executives from Asia, (3) MBA 
students in Europe.  
 
This analysis is perhaps most telling of the targeted populations within each group. The 
population shows majority convergers, and looking over time, the profiles of the groups are all 
identical. In order to add diversity into the population, perhaps the path to go is to transform the 
admission process or the interview process or overall guidelines, to expand into finding people 
that are different from the typical profile. This will benefit all design-oriented populations. It is 
clear that all of these programs want a certain fit of person, which may not be the correct one for 
all of design. This may also force people to conform to certain profiles to be accepted, rather 
than be different and awarded for it.  
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Table 4.16 Learning Style Scores of All Populations  

 AC AE CE RO 
FTMBA (2012-2016) 35.5 33.7 24.0 26.9 
NPD (2010-2013) 34.2 34.3 23.8 27.5 
Executive Program in Asia (2012-2015) 36.2 29.6 24.7 29.5 
ME110 (2013-2015) 33.2 34.3 23.2 29.2 
IDP (2011, 2014, 2015) 28.9 34.0 26.2 31.0 
EWMBA (2011-2015) 34.9 32.6 24.1 28.4 
MBA program in Europe (2012-2013) 34.0 32.3 26.4 27.3 

	  
	  	  	  	  	  	  	  	  	  	  	  

	  
Figure 4.10 Overall Learning Style Profile for Each Group 
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Figure 4.11 Learning Style Profiles of FTMBA 2012-2016 

  
Figure 4.12 Learning Style Profiles of EWMBA 2011-2015   
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Figure 4.13 Learning Style Profiles of NPD class 2010-2013  

     
Figure 4.14 Learning Style Profiles of European Business School 2012-2013  
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Figure 4.15 Learning Style Profiles of Executive Program in Asia 2012-2015  

 

   

Figure 4.16 Learning Style Profiles of ME110 2013-2015  

0	  

10	  

20	  

30	  

40	  

50	  
AC	  

AE	  

CE	  

RO	  

Exec	  Program	  2012	  

Exec	  Program	  2013	  

Exec	  Program	  2014	  

Exec	  Program	  2015	  

0	  

10	  

20	  

30	  

40	  

50	  
AC	  

AE	  

CE	  

RO	  

ME110	  2013	  

ME110	  2014	  

ME110	  2015	  



	  

	  

42	  

 
Figure 4.17 Learning Style Profiles of IDP 2011,2014,2015 

   

Figure 4.18 Learning Style Profiles of EMBA 2014-2015  
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4.4 Conclusions and Recommendations 
 
Previous research has shown that women and men have different learning styles, with females 
more strongly represented in the divergent and accommodating styles than males. This study 
provides more nuanced insight into this general research. Although it was found that men and 
women in business school have statistically significant different styles, with more women who 
are accommodating and diverging learners, in the engineering student population these 
differences did not show up. This raises the interesting question of whether or not engineering 
education as presently configured either minimizes the importance of these learning styles, or 
teaches approaches that primarily leverage the assimilating and converging learning styles 
instead, thus potentially attracting more males than females to the profession particularly at the 
graduate level. This is a topic that deserves more research. 
 
Perhaps more concerning is the lack of representation in this dataset of people with diverging 
learning styles. Those with a diverging learning style are good at seeing situations from multiple 
different perspectives. They are characterized as imaginative, able to take many perspectives, 
having broad cultural interests, information seeking and good at understanding people and 
recognizing problems. Increasing interest in “customer-focused design” suggests that design 
teams will need the abilities to be more sensitive to others, listen with an open mind, and imagine 
the implications of ambiguous situations that divergers have. This will have to come either from 
admitting more students with diverging learning styles, training them in diverging skills, or 
putting them on teams with divergers from other disciplines on the campus. More research is 
needed to understand the broader implications of the lack of divergers in the student population 
on curriculum design. 
 
Convergers are the dominant population in our study, across all sectors. Convergers are generally 
strongest at problem-solving and decision-making, and excel at taking standardized tests. They 
are good at finding practical applications for ideas and theories and at hypothetical-deductive 
reasoning. In contrast with their fellow abstract thinkers, e.g., those with the assimilating 
learning style, they are action oriented and focus on problem solving rather than problem 
framing.  
 
This dominance of convergers raises yet another set of questions about how and what is taught in 
the engineering and business disciplines. In the increasingly complex world graduates will face, 
it is possible that they will need to be able to both frame and solve problems. This suggests in 
turn that there be more focus in school on having students take on the framing of complex 
problems before they are asked to solve them. Again, this requires additional research to 
understand the extent to which students are asked to do problem framing today, and how well 
they are equipped to do so, and into where their converging learning styles are first developed. 
 
This dataset also raises questions of pedagogy. Schaller et al. (2007) found that different Kolb 
learners have statistically different preferences in learning activities. Assimilators prefer self-
directed learning with “multimedia content in a topical or thematic structure”. Convergers prefer 
activities that “involve analysis and deductive reasoning to reach a logical conclusion”. 
Accommodators prefer “role-playing activities that allowed users to adopt a persona and interact 
with characters” as well as “open-ended inquiry and experimentation, with a personal creation as 
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the product of the experience”. Divergers, however, preferred discussion activities that allowed 
communication among users and subject experts. These empathic skills found in both divergers 
and accommodators are considered critical in human-centered design and user research. The 
presence of different learning styles, particularly across genders, suggests that pedagogy 
accommodate different approaches, both as directed at individuals and at teams. Once again, this 
suggests the need for additional research. Are the pedagogical approaches used in the institutions 
in this study drawing different learning styles? Or are they changing students in the program to 
adopt different learning styles than the ones with which they entered? The striking difference 
between the KAIST student population and the others most starkly raises these questions. 
 
This research suggests that education may need to consider the different learning styles of 
student populations, particularly gender differences. Differences by ethnicity in the populations 
studied were not significant. In future research, it would be interesting to examine the industry 
population by the disciplines from which the participants came (e.g. Business, Engineering) to 
compare with the student population and observe any changes between academia and practice. 
Where changes occur, it would be worthwhile to study whether they are happening as a result of 
selection bias, or by training within the companies themselves.	    
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Chapter 5  

Learning Styles and ABET Assessment 
In Chapter 4, I evaluated the population as a whole and provided insights into the nuances of 
designers with respect to different diversity factors. In this chapter, I will examine how learning 
styles affect how students self-rate their design and engineering skills, skills which are valuable 
to their performance in the design process. More specifically, I explore the confidence levels in 
ABET skills among lower division students in project-based design courses offered at the 
University of California at Berkeley and the Korea Advanced Institute of Science and 
Technology. I draw comparisons of confidence in these engineering and design skills by country 
and gender, as well as learning styles. 
 

5.1 Survey Populations and Methods 
 
Most of the data were gathered from design courses at research universities in Korea and the 
United States. The Korean data are from “ED100: Introduction to Design and Communication,” 
a freshman-level course offered at the Korea Advanced Institute of Science and Technology 
(KAIST). ED100 is a required course for all freshmen at KAIST, regardless of major, and 
focuses on the fundamentals of conceptual design and critical thinking. Although students do not 
declare majors in their freshman year, over 50% of the students at KAIST eventually graduate 
with a B.S. degree in computer science or engineering. In contrast, only 24% of B.S. degrees 
granted in Korea are related to engineering. 

 
Table 5.1: Breakdown of Course Participants 

                     E10     ED100 

 Spring 2008 Spring 2009 % by 
Gender Fall 2010 % by 

Gender 
Women 45 34 25% 133 33% 
Men 129 108 75% 274 67% 
Total 174 142 100% 407 100% 

 
The data from the United States are from lower division students in “E10: Introduction to 
Engineering Design and Analysis”, a course offered at the University of California at Berkeley 
that teaches freshmen about engineering design, analysis, and practice. E10 is split into three 
parts over the semester. The data are collected from students participating in the six-week 
module entitled “Sustainable Human-Centered Design”. Both ED100 and E10 are project-based 
courses, with teams of four to six members each. The projects are open-ended, real-world design 
challenges that allow students to explore a wide range of ideas in their design solutions. 
Although both courses are compulsory, ED100 is required for all freshmen while E10 is open to 
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the campus but only required for engineering students. As a result, the ED100 students are 
expected to have a wider range of disciplinary interests. Table 5.1 shows the number of students 
from each class that participated in the study. Note that the percentage of female students in 
ED100 is somewhat higher than that of E10 (33% versus 25%). 
 
The data were gathered from surveys that were administered at the beginning of the semester to 
the E10 students in Spring 2008 and Spring 2009 and to the ED100 students in Fall 2010. We 
included additional data related to Kolb learning styles collected over a range of ages from UC 
Berkeley in Fall 2010 and Spring 2011. Survey question topics cover standard demographics 
(gender, ethnicity, and discipline), Kolb learning styles, and past experiences with engineering or 
design (such as shop classes, CAD, sewing, design competitions, and engineering-related 
programs). Students were also asked to assess their strengths in design and engineering skills. 
The exact wording of the question was: “Based on your experiences and education thus far, 
please perform a self-assessment of how much you possess these traits”. The list of skills that 
followed is based on the learning outcomes as defined by ABET, which sets accreditation 
standards for American programs, and ABEEK, the Accreditation Board for Engineering 
Education in Korea (Chang, 2004): 
 

• Analytical skills 
• Creativity and practical ingenuity 
• Ability to develop designs that meet needs, constraints, and objectives 
• Ability to identify, formulate, and solve technical problems 
• Communication skills 
• Team skills 
• Leadership and management skills 
• Ethics and professionalism 
• Recognizes need for an ability to engage in life-long learning 
• Ability to design and conduct experiments, analyze, and interpret data 
• Ability to learn and use the techniques and tools used in engineering practice 
• Ability to recognize the global, economic, environmental, and societal impact of 

engineering design and analysis 
• Ability to understand other cultures and engage in international collaboration. 

 
This list builds on the learning outcomes that overlap in ABET and ABEEK criteria. In 
performing the cross-national analyses, we drew comparisons only for those skills on which both 
student groups self-rated. In the remainder of the paper, we will present the results of the survey 
and discuss possible implications. 
	  

5.2 Results and Discussion 
5.2.1 Cross-National Comparison of Confidence in ABET-Related Skills 
 
Table 5.2 presents the average self-confidence ratings of engineering skills for the ED100 
(Korean) and E10 (American) student groups using a 5-option Likert scale (High, Medium High, 
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Neutral, Medium Low, Low). Eight of the ten skills showed statistically significant differences 
between the two populations. The highest value in each category that has a significant difference 
is shown in bold. The Spring 2008 and Spring 2009 data from the E10 students were combined. 
Overall, the E10 students ranked themselves higher than the ED100 students did in six out of ten 
skills, with five skills showing statistical significance (p≤0.05).  
 
A closer examination of the results reveals this dichotomy is probably heavily influenced by the 
academic and cultural backgrounds of each sample. There is a higher percentage of engineering 
students in the E10 population. Approximately half of the ED100 students will choose non-
engineering disciplines, so it is expected that they would be less confident in using “engineering 
practice” techniques and in understanding the impact of “engineering design and analysis.” 
However, when asked about technical skills, the ED100 students were more confident than the 
E10 students. They self-rated higher in their ability to “formulate and solve technical problems” 
and also to “develop designs that meet needs.” The lower confidence of ED100 students in their 
“creativity and practical ingenuity” and stronger confidence in communication skills by students 
in ED100 is interesting and deserves further study. 
 

5.2.2 Confidence in ABET Skills by Gender 
 
Table 5.3 presents how all students ranked their engineering and design skills by gender, 
comparing the ED100 men versus E10 men and ED100 women versus E10 women. The 
numbers in bold represent the highest confidence for each category that was statistically 
significant. There is a striking similarity in how the American and Korean students rate 
themselves within each gender category, showing the same patterns of confidence as in Table 
5.2. For every category but teamwork and analytical skills, the class would collectively self-
report more or less confident. For instance, with “creativity and practical ingenuity”, the 
American students self-rated themselves higher than the Korean students in both the male and 
female groups.  
 
The most marked differences were in the categories relating to engineering practice and in 
“creativity and practical ingenuity” – both the E10 men and women self-rated higher than the 
ED100 men and women (p≤0.05). These results are consistent with ED100 having a mix of 
engineering and non-engineering students and therefore less defined engineering skills, as well 
as the Korean self-perception of being “non-creative.” However, the ED100 men self-rated 
higher in their ability to “identify, form, and solve technical problems”. Surprisingly, the ED100 
men and women rank themselves higher than the E10 men and women in communication skills. 
These are the only two categories where the ED100 men rank above the E10 men. The women 
show more variability, with ED100 women ranking above the E10 women in analytical skills 
and in their ability to form and solve technical problems, although neither result is statistically 
significant.  
 
Table 5.4 presents how all students assess their engineering and design skills by class, comparing 
the ED100 men versus women and E10 men versus women. The bolded numbers represent the 
highest confidence for each category that was statistically significant.  
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Table 5.2: Confidence in Engineering Skills by Class 
BOLDED numbers represent statistical significance  

 Average Confidence 
p 

 ED100 E10 

Strong analytical skills 3.967 3.978 0.251 

Creativity and practical ingenuity 3.46 3.793 0.0007 

Develop designs that meet needs, constraints, and objectives 3.569 3.563 0.0492 

Identify, formulate, and solve technical problems 3.649 3.474 0.0032 

Good communication skills 3.804 3.622 0.0017 

Good team skills 3.797 3.963 0.028 

Leadership and management skills 3.633 3.709 0.467 

Strong ethics 3.753 4.192 0.0008 

Use the techniques and tools used in engineering practice 3.265 3.926 0.0042 

Recognize the global impact of engineering design and analysis 3.188 3.567 0.0056 

 
Table 5.3: Confidence in Engineering Skills by Gender 

BOLDED numbers represent statistical significance  

 Men Women 
 ED100 E10 Δ ED100 E10 Δ 

Strong analytical skills 4.044 4.075 0.031 3.811 3.699 0.112 

Creativity and practical ingenuity 3.529 3.817 0.288 3.318 3.723 0.405 

Develop designs that meet needs, constraints, 
and objectives 3.571 3.579 0.008 3.565 3.518 0.047 

Identify, formulate, and solve technical 
problems 3.755 3.533 0.222 3.432 3.301 0.131 

Good communication skills 3.707 3.529 0.178 4 3.892 0.108 

Good team skills 3.725 3.854 0.129 3.947 4.277 0.33 

Leadership and management skills 3.566 3.646 0.08 3.773 3.892 0.119 

Strong ethics 3.714 4.104 0.39 3.833 4.446 0.613 

Use the techniques and tools used in 
engineering practice 3.313 4.033 0.72 3.167 3.614 0.447 

Recognize the global impact of engineering 
design and analysis 3.165 3.533 0.368 3.237 3.663 0.426 
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Table 5.4: Confidence in Engineering Skills by Class and Gender 
BOLDED numbers represent statistical significance 

 ED100 E10 
 Men Women Δ Men Women Δ 

Strong analytical skills 4.044 3.811 0.233 4.075 3.699 0.376 

Creativity and practical ingenuity 3.529 3.318 0.211 3.817 3.723 0.094 

Develop designs that meet needs, 
constraints and objectives 3.571 3.565 0.006 3.579 3.518 0.061 

Identify, formulate, and solve technical 
problems 3.755 3.432 0.323 3.533 3.301 0.232 

Good communication skills 3.707 4 0.293 3.529 3.892 0.363 

Good team skills 3.725 3.947 0.222 3.854 4.277 0.423 

Leadership and management skills 3.566 3.773 0.207 3.646 3.892 0.246 

Strong ethics 3.714 3.833 0.119 4.104 4.446 0.342 

Use the techniques and tools used in 
engineering practice 3.313 3.167 0.146 4.033 3.614 0.419 

Recognize the global impact of 
engineering design and analysis 3.165 3.237 0.072 3.533 3.663 0.13 

 
In spite of the national differences described previously, both populations show similar gender 
differences. The men ranked higher than the women in their analytical skills, their creativity and 
practical ingenuity, their ability to identify and solve technical problems, and their ability to use 
engineering techniques and tools. However, women were more confident in understanding the 
global impact of engineering design and analysis, and also self-rated higher in their 
communication skills, team skills, and leadership skills. These patterns highlight the perceived 
“hard” and “soft” skill sets often attributed to men and women.  
 

5.2.3 Engineering Experience and Culture 
 
In the survey, students were also asked to report what engineering or design related experiences 
they had prior to entering college. Figure 5.1 presents the data for the E10 (American) and 
ED100 (Korean) students. No additional details were provided on specific areas within each 
course. From the results, it appears that many more American students engage in these 
extracurricular activities than the Korean students. Additionally, the American students seem to 
have a more dominating presence even in the activities that show significant involvement by 
Korean students. We note that Korean students’ time in the classroom leaves very little 
opportunity for extracurricular activities and thus their participation is very much tied to 
curricular activities. 
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Separately, Korean students reported heavy participation in math and science competitions, 
which is associated with coursework: 46% and 55%, respectively. We do not have data on how 
many American students participated in these competitions because those questions were not 
included in their survey. However, we note that the level of American student participation in 
computing and art courses is similar to the level of Korean participation in math and science 
competitions: 45% and 49%, respectively. Thus, this data may reflect differences in the types of 
opportunities that are available to the students in each country. 
 
This difference in extracurricular activities may explain the students’ assessment of their skills. 
The American students rank higher in “creativity and practical ingenuity” – skills possibly 
nurtured through artistic endeavors. Conversely, they rate lower in their ability to “identify, 
formulate and solve technical problems” than the Korean students who focus on early math and 
science development. 
 
 

 

Figure 5.1 Previous Engineering and Design Experiences - 
 

5.2.4 Kolb Learning Styles and Confidence in ABET Skills 
 
Figure 5.2 shows the makeup of learning styles from ED100 and from a population of upper 
division and graduate students engaged in multidisciplinary design courses at UC Berkeley. 
Unfortunately, learning style preferences were not originally collected for UC Berkeley students 
in E10. The literature suggests that learning styles do not change significantly at the college level 
and thus we do not expect large differences due to a one or two year separation in age. 
 
The breakdown of learning styles is similar between the two national data sets. The largest 
difference is the percentage of convergers (55% versus 39%) and assimilators (23% and 32%) 
respectively for the American versus Korean students. Since the difference between convergers 
and assimilators occurs on the analysis-synthesis axis, the differences in the learning style 
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distributions may be partially explained by the fact that the Korean education system generally 
emphasizes analysis, sometimes to the exclusion of synthesis. In the ED100 end-of-semester 
student survey (which was conducted separately from the surveys discussed in this work), 331 
out of 413 respondents (80.1%) reported never taking a design class or working on a design 
project before. Thus, these students may have had little or no opportunity to develop those skills 
or have their learning style be influenced by them. 
 

 
Figure 5.2 Breakdown of Learning Styles 

 
Only the ED100 (Korean) dataset includes the ABET confidence and the Kolb learning style 
questions in the same sample. Table 5.5 presents the results by learning style for the ED100 
(Korean) students in Fall 2010. Learning style data had not been captured for the E10 
(American) students and is therefore not included in this table. 
 
These results show the expected behavioral trends for the various learning styles. 
Accommodators are quick to take initiative and carry out plans, and self-rate themselves higher 
in leadership and management skills (p≤0.0001). Convergers, on the other hand, are generally 
strongest at problem-solving and filtering through many options to set clear objectives. 
Unsurprisingly, they assess their analytical skills to be the strongest among all other skills. 
Students with the converging learning style score well in their ability to “analyze and interpret 
data” (p=0.001); data processing is typically associated with assimilating learning style with a 
very similar high correlation. 
 
There are also unexpected patterns. People who prefer the diverging learning style are typically 
best at brainstorming and conceiving new ideas. However, this is not reflected in a correlation 
with “creativity and practical ingenuity” skills, with accommodators ranking highest (p=0.013). 
Divergers have broad, cultural interests and are able to connect needs with the people, but this is 
not reflected in their confidence in “developing designs that meet needs”. The lack of statistical 
significance may be due, in part, to the relatively small number of students with diverging 
learning style in the population. 
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The correlation of positive self-assessment in skills that are typically associated with each 
learning style validates that learning styles do accurately reflect a person’s attributes. It also 
demonstrates that learning styles do matter in predicting how a person might contribute to the 
design process. This has strong implications for how to form high-performing design teams: to 
be most successful in the design process (Figure 1.1), a team should have members with all four 
learning styles (Figure 1.2). In other words, teams benefit from having the maximum learning 
style diversity possible. 

 
Table 5.5: Confidence in Engineering Skills by Learning Style 

BOLDED numbers represent statistical significance  

 Diverging Converging Assimilating Accommodating 

Strong analytical skills 3.73 4.06 4.03 3.77 

Creativity and practical ingenuity 3.23 3.49 3.34 3.68 

Develop designs that meet needs, 
constraints, and objectives 3.6 3.67 3.46 3.7 

Identify, formulate, and solve technical 
problems 3.53 3.71 3.66 3.58 

Good communication skills 3.77 3.96 3.55 4.02 

Good team skills 3.73 3.94 3.58 3.86 

Leadership and management skills 3.67 3.75 3.34 3.91 

Strong ethics 3.6 3.68 3.81 3.61 

Design and conduct experiments, and 
analyze and interpret data 3.47 3.68 3.66 3.25 

Use the techniques and tools used in 
engineering practice 3.33 3.27 3.22 3.19 

Recognize the global impact of 
engineering design and analysis 3.13 3.27 3.93 3.46 

	  
5.3 Conclusions and Recommendations 
 
This chapter explored the variations in confidence in engineering-related skills among freshman 
design students in Korea and the United States, under the subtexts of gender and learning 
style. The students followed a creative, iterative design cycle in their respective courses, 
resulting in innovative outcomes at the end. The results showed striking differences in 
confidence levels that may be due to national differences. The American students rated 
themselves higher in creativity, team skills, ethics, facility with tools of engineering practice, and 
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in recognizing global impact. The Korean students assessed their skills higher in design, problem 
solving, and communication skills. There were no statistically significant differences in 
leadership or analytical skills. 
 
Still, we must question whether the national differences may be due, in part, to the difference in 
disciplinary aspirations in each group. The Korean students were taken from all disciplines as 
students at KAIST do not declare majors until their sophomore year, whereas most of the 
American students had already declared engineering as their major. For future research, it would 
be interesting to perform another analysis with students who have declared their major to identify 
the contribution of national versus disciplinary differences. 
 
In spite of (what may be) national differences, the students still follow the same gender 
patterns. The men are more confident in technical and analytical skills, while the women feel 
stronger in communication and teamwork skills. As such, both cultures may benefit from 
interventions designed to build confidence in each area, perhaps in the form of continuous 
feedback on their work – reflecting on what works and amending the mistakes. By providing a 
forum for students to develop and sharpen their respective skills, they can gain the confidence to 
successfully face future design challenges and reach the best solutions possible. 
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Chapter 6  

Learning Styles and the Design Process 
The previous chapters have presented characterizations to understand the makeup of the design 
population and data on how designers self-rated themselves in skills that are typically used in the 
design process, with relation to various diversity factors. This chapter culminates with the 
examination of the role of diversity in a team actively participating in the design process. I will 
discuss how diversity factors affect the dynamics and success of a design team, and how we may 
leverage these factors in design practice. In addition to looking at diversity in learning styles, I 
also consider other demographic factors, such as discipline and gender.   
 

6.1 Survey Populations and Methods 
 
For this study, data were gathered from students enrolled in “ME290P: Managing the New 
Product Development Process: Design Theory and Methods”, a graduate-level, multidisciplinary 
design course offered at University of California at Berkeley (UCB). This is a project-based 
learning class, whereby engineering, business and science students from UCB, along with 
industrial design students from the California College of Arts (CCA), engage in small design 
teams to solve a real-world, open-ended design challenge. Over the semester, students learn the 
tools and techniques of new product development and apply them in their semester-long class 
projects, while also developing skills important for design and innovation outside the academic 
environment. This study was performed over two semesters of ME290P, in Fall 2009 (N=70, 16 
teams) and in Fall 2010 (N=75, 17 teams). Table 6.1 shows the class breakdown by discipline 
and gender. 
 

Table 6.1: Class Breakdown by Discipline and Gender 

 Male Female Total 

Engineering 41 13 54 
MBA 33 10 43 
Science 11 6 17 
Industrial Design 11 8 19 
Other 7 5 12 
Total 103 42 145 
 
The study was conducted with three surveys during the semester. The first survey was 
administered at the beginning of the semester and was comprised of two parts: a demographic 
questionnaire and the Kolb Learning Style Inventory (LSI). This survey served to help students 
understand their personal styles in observation, framing, solution generation and testing, as well 
as the preferences of their teammates; the results were intended to drive productive team 
dynamics and processes from the start of the project. 



	  

	  

55	  

Midway through the semester, a Peer Review and Team Assessment survey was administered to 
the class. The purpose of this survey was for students to provide feedback on the current state of 
their project and team. The questions were divided into seven sections: Goals, Roles, Processes 
and Procedures, Relationships, Team Effectiveness, Team Performance, and Time Management. 
The students were also asked to evaluate each teammate on his or her contributions to the team, 
by dividing up 100 points among all team members, including oneself. These results were 
presented to the teams and served as a discussion point for making improvements in the 
remainder of the semester.  
 
The third survey was administered at the end of the semester and was similar to the mid-semester 
survey with the goal of tracking improvements. The results for Fall 2009 and Fall 2010 were 
analyzed separately when appropriate because the surveys were worded slightly differently in 
each year. 
 

6.2 Results and Discussion  
6.2.1 Learning Styles of Study Population versus General Population  
 
The distribution of learning styles in our entire study population is shown in Figure 6.1. Overall, 
the class has a relatively similar learning style breakdown between the Fall 2009 and 2010 
groups. The students with converging learning style are most dominant across both semesters. 
The only difference is the marked absence of divergers in Fall 2010. Students with balanced 
learning styles are those who have stronger preferences along a single axis, either the Perception 
(AC+CE) or Processing (AE+RO) Continuum. In the class, twenty-three students demonstrated 
preferences in the Processing Continuum (AE+RO), for watching and doing, versus four students 
for the feeling and thinking Perception Continuum (AC+CE).  
 
Table 6.2 shows the scores from each learning style mode (Concrete Experience, Reflective 
Observation, Abstract Conceptualization, Active Experimentation) for the two classes. The mean 
values for each mode are relatively close and within 2 points of one another, but the range of 
individual scores is wide (nearly 30 point differential for every mode). This distribution is 
similar to that reported for research universities in the Kolb manual on LSI. 
 
In this study group, the converging learning style is most dominant (Table 6.3). This is not 
surprising given the proportion of engineers and business students in the class. However, there is 
a significant paucity of divergers, except among the Industrial Design students. “Other” 
represents the Science and Humanities fields, such as Genetics and Plant Biology, Art History, 
and Information Science.  
 
When comparing learning styles by gender, women and men typically demonstrate different 
learning style preferences. In particular, men score higher on the Abstract Conceptualization 
spectrum and fit well with the Assimilating or Converging styles. On the other hand, women 
prefer practical, hands-on environments with either Diverging or Accommodating learning 
styles.  
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Figure 6.1 Learning Styles of Design Students 

	  
Table 6.2: Learning Style Scores  

 CE RO AC AE  

Fall 2010 25.5 26.2 34.1 34.2 Mean 

 6.3 6.9 6.6 6.3 Std Dev 

 15-39 13-41 20-46 21-47 Range 

Fall 2009 26.1 28.2 32.4 33.2 Mean 

 6.6 7.0 7.1 7.5 Std Dev 

 15-44 15-41 14-46 17-47 Range 

 
Table 6.3: Learning Styles by Discipline  

 
Engineering Business Industrial 

Design Other Total 

Accommodating 5 (9%) 9 (21%) 4 (21%) 4 (14%) 22 
Assimilating 9 (17%) 3 (7%) 4 (21%) 5 (17%) 21 
Balanced 10 (19%) 9 (21%) 3 (16%) 5 (17%) 27 
Converging 27 (50%) 19 (44%) 5 (26%) 12 (41%) 63 
Diverging 3 (6%) 3 (7%) 3 (16%) 3 (10%) 12 

Total 54 43 19 29 145 
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6.2.2 Learning Style Profiles of Teams  
 
To analyze learning styles on the project team level, we identified each team’s overall learning 
profile by averaging the team members’ individual scores on the four stages of learning (CE, 
RO, AC, AE). Figure 6.2 illustrates the learning style profiles of two distinct teams and of the 
class average. Team 1 represents the team with the most diverging learning style in the class and 
Team 2 represents the team with the most converging learning style in the class. 
 

 
Figure 6.2 Learning Style Profiles of Teams 

 
Each polygon represents one team’s learning style profile. The points at which the polygons 
intersect with each axis represent the team’s average score in that respective continuum. The 
longer lines demonstrate greater strengths in their respective quadrants. We can observe that 
Team 1 has greater scores in the RO and CE dimensions, representing its more dominant 
Diverging learning style, while Team 2 has greater scores in the AC and AE dimensions of the 
“Converging” region. The Class Average falls between these two profiles and shows a stronger 
preference for converging.  
 

6.2.3 Learning Styles and Team Assessment Results  
 
With these aggregated learning style profiles, how design teams rated themselves on the mid-
semester surveys was then examined to understand team coherence and performance. Design 
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teams are compared with respect to the level of converging learning style within the teams 
because of the converging dominance in the class. Tables 6.4 and 6.5 show the results of the 
mid-semester survey, evaluated by how many convergers were on a team. This was done for Fall 
2009 and Fall 2010 classes respectively. 
 
The bolded numbers represent the results that are statistically significant (p<0.05). Each column 
represents a different group of teams, which are clustered by the number of convergers in the 
team. The symbols (*, †, and ∂) identify the pair of groups in each row between which a 
statistically significant difference was found. For example, in response to Question 1: “As a 
team, we are clear about our purpose”, the teams with one converger scored significantly higher 
(4.25) in contrast with teams with three convergers (3.7). The results were not statistically 
significant between the other populations. In Question 8: “The team enjoys working together”, 
the score attained by teams with one converger (4.56) was significantly larger than both the score 
of the team with two convergers (4.13) and the score of the team with three convergers (3.91). 
The results from Fall 2009 were normalized to a 5-point scale. 
 
The most striking observation here is that the ratings significantly decrease as the number of 
convergers on the team increases, specifically from one to four convergers. This seems to imply 
that the converging learners do affect design teams, with fewer convergers providing greater 
benefit. Indeed, converging learners are valuable to design teams – they can find practical uses 
for ideas and enjoy experimenting with new ideas. However, they also prefer to internalize their 
theories before acting. Perhaps an entire team of persistent thinkers translates to little or no 
dialogue between the team, and limited or slower success. 
 
Many of the questions showing statistically significant results pertain to working as a team. Of 
these, the most direct statement about team interactions: “The team enjoys working together”, 
shows teams with one converger rating highest of all. One might have expected a more diverse 
team, particularly one comprised of different learning styles, to clash with one another; however, 
here the more homogeneous teams, with respect to converging learning styles, report more 
tension. This may also be indicative of how teams spend their time together. In questions relating 
to productivity (Q7, Q10, Q16), teams with one converger report making the best use of time. 
This could be because teams with multiple convergers were so alike that team members were 
complacent with one another, resulting in a lack of design momentum; or they may have 
experienced greater conflict because of strong, similar personalities, and squandered time 
arguing over simple ideas and tasks. More broadly, the teams with one converging learner 
believe themselves to be the highest-performing teams (Q12) and with the highest quality 
outputs (Q11), rating nearly one point above teams with four converging learners. 
 
Interestingly, when the teams were asked about innovation: “Our team is innovative”, no group 
showed statistically significant different results. So although teams with one converging learner 
believe they are most high-performing and productive of all teams, they do not necessarily 
believe they are any more innovative.  
 
The leading question is thus how the learning style profiles compare between the different teams, 
with respect to the number of convergers, and whether these perceptions are actually mirrored in 
the team deliverables. 
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Table 6.4: Mid-Semester Assessment Results, by # Convergers on Team (Fall 2009) 

  1 
converger 

2 
convergers 

3 
convergers 

4 
convergers 

1 As a team, we are clear about our purpose. 4.25* 4.20 3.70* 3.61 

2 The team is successfully achieving project goals to 
date. 4.37* 3.72* 4.22 3.83 

3 The team is committed to learning about the tools, 
techniques and process taught in this class. 4.13 3.93* 4.43* 3.89 

4 
The members of my team have a shared understanding 
of the roles and responsibilities played by individuals 
on the team. 

3.65* 3.63 3.70 3.19* 

5 All members of the team have shared equitably in the 
tasks performed to date. 3.73* 3.83† 3.70 2.64*† 

6 We have two-way communication with our 
speakers/design coaches. 4.05* 3.97† 3.65 2.78*† 

7 We spend sufficient time making sure the team is 
working on what we are supposed to be doing. 4.05* 3.60 3.83 3.19* 

8 The team enjoys working together. 4.56*† 4.13* 3.91† 4.03 

9 As a team, we are accomplishing what we have set out 
to accomplish. 4.21* 3.93 3.70* 3.61 

10 The time we spend together as a team is productive. 4.52*† 3.93* 4.06† 3.75 

11 What we produce as a team are high-quality outputs. 4.40*†∂ 3.97* 3.80† 3.47∂ 

12 Overall, we are a high-performing team. 4.29*† 3.80* 3.59† 3.47 

 
Table 6.5: Mid-Semester Assessment Results, by # Convergers on Team (Fall 2010) 

  1 
converger 

2 
convergers 

4 
convergers 

13 We have discussed our individual learning goals for the 
class and the project with each other. 4.41*† 3.90* 3.75† 

14 We have agendas for our team meetings. 4.45*† 3.67* 3.44† 

15 We have the skills and experience on the team that we need 
to be successful. 4.45* 4.07* 4.00 

16 Our team meetings are productive. 4.45* 4.27 3.81* 

17 I am learning valuable lessons about my own leadership by 
being on this team. 4.41* 4.13 3.81* 
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Table 6.6: Average Learning Style Profiles of Entire Team, by # Convergers  

Learning Styles of Entire Team Abstract 
Conceptualization 

Active 
Experience 

Concrete 
Experience 

Reflective 
Observation 

Teams with 1 Converger (T1) 32.1 34.0 26.0 27.8 

Teams with 2 Convergers (T2) 33.1 33.9 26.4 26.5 

Teams with 3 Convergers (T3) 33.1 35.5 25.7 25.7 

Teams with 4 Convergers (T4) 36.5 35.2 25.0 23.3 

 
Table 6.7: Overall Project Score of Teams, by # Convergers 

Overall 
Score 

# 
Convergers Learning Style Breakdown Male Female Team  

4.26 1 1 Accom, 2 Assim, 1 Con 1 3 2010-3 
4.10 1 2 Accom, 2 Bal, 1 Con 2 3 2010-13 
4.08 1 1 Con, 1 Assim, 1 Bal 2 1 2009-9 
4.07 2 1 Accom, 1 Bal, 2 Con 2 2 2010-11 
4.02 4 1 Assim, 4 Con 4 1 2010-1 
4.01 1 1 Accom, 1 Con, 1 Bal 2 1 2009-5 
3.95 1 1 Accom, 2 Div, 1 Bal, 1 Con 2 3 2009-3 
3.94 1 2 Assim, 1 Bal, 1 Con 3 1 2010-15 
3.92 4 1 Assim, 1 Bal, 4 Con 6 0 2010-14 
3.92 2 1 Bal, 2 Con 3 0 2010-2 
3.90 3 3 Con, 1 Assim, 1 Div 2 3 2009-8 
3.90 2 2 Assim, 1 Bal, 1 Accom, 2 Con 0 6 2009-15 
3.90 2 2 Con, 2 Div, 1 Accom, 1 Bal 1 5 2009-13 
3.86 1 1 Bal, 1 Accom, 1 Con 0 3 2009-10 
3.86 4 1 Assim, 4 Con 5 0 2010-12 
3.85 2 2 Con, 1 Div 2 1 2009-12 
3.84 1 1 Con, 1 Accom, 1 Bal 1 2 2009-16 
3.83 0 2 Bal 0 2 2009-7 
3.81 2 3 Assim, 2 Con 2 3 2010-17 
3.75 2 3 Accom, 2 Con 4 1 2010-9 
3.74 2 2 Bal, 2 Con, 1 Div, 1 Accom 1 5 2009-6 
3.73 3 1 Div, 1 Accom, 3 Con, 1 Bal 3 3 2009-1 
3.63 2 2 Con, 1 Assim, 1 Div 1 3 2009-14 
3.53 1 1 Accom, 1 Assim, 2 Bal, 1 Con 4 1 2010-5 
3.53 2 1 Accom, 1 Assim, 2 Con 1 3 2010-4 
3.53 3 3 Con, 1 Bal, 1 Assim 0 5 2009-11 
3.50 4 4 Con, 1 Div, 1 Accom 1 4 2009-2 
3.50 3 1 Accom, 3 Con 3 1 2010-16 
3.42 2 3 Bal, 2 Con 4 1 2010-10 
3.40 1 2 Assim, 1 Bal, 1 Con 0 5 2009-4 
3.29 2 1 Accom, 1 Bal, 2 Con 4 0 2010-6 
3.07 0 1 Assim, 1 Bal, 1 Div 0 3 2010-7 
3.01 1 2 Accom, 1 Con, 1 Div 3 1 2010-8 
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6.2.4 Learning Styles and Team Performance Results 
 
Table 6.6 presents the average learning style profiles of the entire team, clustered by the number 
of convergers on each team. Recall that the converging learning style is defined by the Abstract 
Conceptualization + Active Experimentation combination and was the predominant learning 
style in our sample. As expected, we see that the scores for AC and AE rise and the scores for 
CE and RO fall for the team as the number of convergers increases.  
 
It can be observed that the T1 and T2 teams have remarkably similar team profiles (within 1 
point), yet T2 teams rate themselves lower than T1 teams in all but one question of the mid-
semester team and peer assessments. This implies that it is not just the learning profile of the 
converging learner that matters to a team, but the number of convergers on the team. Ultimately, 
the team benefits from a very strong converging team member, but may need equally strong non-
converging teammates to balance the entire team out. 
 
Table 6.7 shows the team’s actual project score by external reviewers and faculty at the end of 
the semester. These external reviewers included design industry judges, who ranked projects 
according to the quality of their mission statement, customer/user needs, concept generation, 
concept selection, prototype, and business analysis. This ranking is taken as a proxy for greater 
innovation and overall success. The table also includes the number of convergers in the team, the 
team composition in regards to learning styles, and gender.  
 
It can be noted that of the eleven teams with only one converger, six appear at the top of the list 
of highest performing teams, and the highest performing teams demonstrate gender diversity. 
Conversely, the lowest performing teams lacked gender diversity; three of the bottom four teams 
were either all male or all female. Although the lowest performing team had one woman and 
three men, the team was clearly dominated by the male students; the female was a shy CCA 
undergraduate student and a non-native English speaker. There is no pattern that appears among 
teams with 2, 3, and 4 convergers; rather, they are sprinkled through the grade distribution.  
 
Grades were also compared with the midterm evaluation scores to uncover any specific 
correlations between how a team perceived itself and how they actually performed at the end of 
the semester. The results show little correlation between the mid-semester team self-assessments 
and their actual project performance when measured with the entire class, with the highest r-
value at 0.30. The instructors speculate that their interventions may have been effective overall – 
extreme problems were addressed and corrective action taken. Student feedback at the end of the 
semester praised the value of the teamwork skills developed in the class.  
 
An analysis of end-of-semester evaluation scores and project grades did yield significant 
correlation coefficients and many of the values were much higher, indicative that the final team 
self-assessment was correlated with final grades. For example, when the teams are compared by 
the number of convergers with their final team grades, some interesting relationships are 
revealed. Figure 6.3 shows a high, statistically significant correlation between how productive 
teams with one converger believe their meetings to be and their final project grade. 
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Figure 6.3 Mid-Semester Evaluations versus Overall Project Score 

	  

6.2.5 Learning Styles and Mid- and End-of-Semester Analysis  
 
Table 6.8 presents the comparison of results from the midterm and end-of-semester surveys, for 
Fall 2009. Overall, the post-semester scores are higher with the ones in bold being statistically 
significant. Here, Converging and Balanced students show the most significant perception of 
team improvements. This is a favorable result, as it indicates the students are likely becoming 
more comfortable with themselves, their team, and project over time, or that the teaching staff 
interventions were successful in dissipating team conflict, or both.  

 
Table 6.8: Mid- and End-of-Semester Team Evaluations 

  Accommodating Balanced Converging 
  Pre Post Pre Post Pre Post 

1 As a team, we are clear about our purpose. 4.38 4.58 4.47 4.85 3.87* 4.30* 

2 As a team, we are clear about our shared values. 4.17 4.38 4.09* 4.55* 3.70 3.90 

3 The team is committed to learning about the tools, 
techniques and process taught in this class. 4.27 4.48 3.86* 4.62* 4.20 4.33 

4 
The members of my team have a shared understanding 
of the roles and responsibilities played by individuals 
on the team. 

3.33 3.96 3.94* 4.47* 3.47† 4.07† 

5 As a team, we are accomplishing what we have set out 
to accomplish. 3.96* 4.69* 4.24 4.62 3.87† 4.47† 

6 What we produce as a team are high-quality outputs. 4.27 4.58 4.09* 4.62* 4.00 4.30 

7 We are taking advantage of the specific areas of 
expertise of the individual members of the team. 3.44 4.27 4.24 4.50 3.88* 4.37* 

R²	  =	  0.80291	  

3.00	  

3.50	  

4.00	  

4.50	  

5.00	  

3.0	   3.5	   4.0	   4.5	  

Te
am

	  A
ve
ra
ge
	  R
at
in
g	  

Overall	  Grade	  

Our	  team	  meetings	  are	  productive	  -‐-‐	  1	  converger	  
(r=0.89)	  



	  

	  

63	  

6.3 Conclusions and Recommendations 
 
In this chapter, the Kolb learning styles of students in a graduate-level design course were 
explored over two semesters. It was found that the students in this course were most dominant in 
the converging learning style, and most lacking in the diverging learning style. It was also found 
that design teams with just one converger generally performed better in their self-perception of 
team performance than teams with multiple convergers, at least before substantial instructor 
intervention. There was some indication that teams with a single converger dominated the 
highest performing teams judged at the end of the semester by external reviewers. As all of the 
teams had diversity in learning styles, except those over-dominated by convergers, it is not 
possible to draw any other conclusions on the benefits of diversity in learning styles.  
 
It can be noted that the lowest performing teams lacked gender diversity, as opposed to the teams 
at the top of the rating list with stronger gender diversity. This result could be a consequence of 
gender differences in learning styles or personality types. The results were only suggestive, but 
are strong enough to motivate further research into this intersection of cognitive styles and 
gender on design teams. 
 
It was also found that a mid-term evaluation of perceived team performance with effective 
instructor intervention increased the team perception of their final performance at the end of the 
semester. This was further validated from positive teacher evaluations on teamwork instruction 
and interventions. 
 
These results provide support for recommending diverse representation among design teams. 
Teams that do not have such diversity may benefit from interventions that encourage teams to 
think outside their comfort zones and to assume different roles amongst themselves to help spur 
more meaningful progress and productive teamwork. Ultimately, understanding and utilizing the 
different learning styles will benefit design teams and enable members to perform at their best 
levels. 
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Chapter 7  

Conclusions 
Learning styles are particularly important in innovation research because of their connection to 
the design process, yet there has not been any significant prior study in this area. This poses a 
great opportunity for both understanding and leveraging diversity in design and it is this gap that 
this research fills. My main contributions are to:  
 

1. Characterize a relevant range of innovation-oriented populations 
2. Study the effects of learning style diversity within teams actively engaged in design and 

innovation 
 
To accomplish these two goals, I collected data on learning style diversity, along with other 
demographic data, from various academic and industry populations engaged in the design 
process (Table 3.1). For some groups, I also collected information about their experiences in the 
design process and of their design outcomes. This research database gave me a window into the 
diversity makeup of the different groups and how it affected their design experiences. The 
database of learning styles and gender was collected from 6,686 subjects, the largest study ever 
since Kolb’s original research.  

 
Table 3.1: Summary of data collected (from Chapter 3) 

  Learning 
Style Gender UG 

Major Ethnicity Job 
Level Company MBTI 

type 

Academic 4616 4616 3467 2085 1950 1836 1138 

Corporate 2070 2070 374 785 1503 1732 0 

Grand Total 6686 6686 3841 2870 3453 3568 1138 

 
The findings from characterizing the design population were surprising and intriguing. Across 
the entire population of students and professionals, across all levels and ages, the converging 
learning style dominated and there was a significant lack of diverging learners. This is 
particularly interesting because the qualities of diverging learners are particularly beneficial to 
design and innovation. They are described as open-minded, empathetic, and sensitive to others 
needs, which helps them to understand the end user and to reflect this in a product or system. 
Yet, they were largely absent from this innovation-geared population. In fact, a balance of all 
four learning styles is the expected breakdown, based on Kolb’s original classification scheme. 
Instead, all populations I studied showed the converging learning style as the dominant 
preference.  
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When compared across gender, statistically significant differences were found across learning 
styles when the population studies are viewed as a whole. This perhaps underlines differences, 
on average, between men and women, in how they approach problems, in how they relate to 
people, in how they capture information. A closer examination of disciplines, however, reveals 
more nuanced findings, where gender matters for learning styles among business people but not 
among engineers. The implications of whether learning styles do or do not matter in certain 
scenarios raise interesting questions in how to best leverage this diversity between men and 
women. 
 
I also explored international populations engaged in design. Freshman design students in Korea 
and the United States showed striking differences in confidence in engineering-related skills: 
American students rating higher in creativity, team skills, ethics, facility with tools of 
engineering practice, and in recognizing global impact, and Korean students assessed their skills 
higher in design, problem solving, and communication skills. However, the students followed the 
same gender patterns: men are more confident in technical and analytical skills and women feel 
stronger in communication and teamwork skills.  
 
Finally, I examined how learning style diversity actually affected design team outcomes and 
found that design teams with just one team member with the converging learning style generally 
performed better than teams with multiple team members with converging learning style. The 
lowest performing teams also lacked gender diversity in the groups I studied. My hypothesis was 
that design teams will have the most success when comprised of members who actively think 
outside the box, from different perspectives, and support multiple approaches to a problem. My 
research supports this hypotheses, but more research is needed. 
 

Future Research 
 
This research leads to interesting follow up questions.  
 
The foremost question is where are all the diverging learners in the innovation-oriented 
population?  Although more prevalent in service occupations such as health care, are there other 
populations in design and innovation where divergers exist in larger numbers? Perhaps in firms 
that specialize in empathic design and design research? It seems that the number of diverging 
learners and more balanced learners should at least counter that of strongly converging learners, 
yet they are mostly absent in the populations I studied.  
 
Relatedly, the extreme dominance of converging learning style raises the question of how design 
teams would perform if other learning styles were better represented. Due to the large number of 
convergers and the scarcity of divergers in my populations, I was not able to conduct broader 
outcome studies of team cognitive diversity based on learning styles. It has been shown that each 
learning style connects well with a different step of the design process; how much better or 
quicker could design and innovation be achieved when converging learners do not dominate? 
What patterns might emerge from studying teams with greater diversity of learning styles?  
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One fascinating result was the finding that female engineering students had similar learning style 
preferences as male engineering students, yet in other populations there were significant 
differences. Is this a results of self-selection in which a narrow segment of the female population 
go into engineering, and that they are more likely to be convergers or assimilators. Certainly the 
messages given about engineering careers emphasize mathematics over empathy and the 
admissions process is biased towards convergers as well, regardless of gender. Or do female 
students come in with more diversity, but get socialized into the dominant form? 
 
Another area of research would be to compare my results with Kolb learning style diversity, with 
diversity of other metrics of cognitive diversity, such as the Adaption-Innovation Inventory (ref).   
 
Finally, these results show that people engaged in design do not have the same learning styles as 
people in the general population. It would be interesting to explore why this is, perhaps due to 
the demands of the design world, or from educational influence, or because of another reason 
altogether. 
 
Ultimately, diversity and teaming are required to successfully innovate during design processes. 
It is important to continue exploring how to leverage this diversity to achieve design and 
innovation.	   
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