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INTRODUCTION

A learner’s individual differences can be
captured and categorized through learning
styles or the Myers-Briggs Type Indicator (Ay-
ersman & Von Minden, 1995; Lawrence, 1994).
There are many learning style models. Some
of the most widely employed models are: Kolb’s
model (Kolb, 1981; Kolb, 1984; Kolb, 2000; Kolb
& Kolb, 2006; Stice, 1987), Dunn and Dunn
model (Dunn, 2000), Herrmann Brain Domi-
nance model (Lumsdaine & Lumsdaine, 1995),
VARK model (Fleming, 1995), and the Felder-
Silverman learning model (Felder & Silverman,
1988). Learning styles can be described as “an
individual’s preferred approach to organizing
and presenting information”(Riding & Rayner,
1998). It can also be described as “the way in
which learners perceive, process, store, and
recall attempts of learning”(James & Gardner,
1995). The matching of learning styles with a
learning environment influence learners’ out-
comes and learning process.

The largest increases in achievement are
among students with active, sensing, and glob-
al learning preferences in a course offered in
a hypermedia-assisted learning environment.
However, there is no significant difference be-
tween students with different learning styles in
this course (Malgorzata, 2002). An objective of
education should thus be to help students build
their skills in both their preferred and less pre-
ferred learning style (Felder, 1996).

Previous research has indicated that female
and male engineering students often have dif-
ferent learning styles and abilities when they
enter college (Fowler, Armarego, & Allen, 2001;
Agogino & Hsi, 1995). With most engineering
faculty being male, their learning styles and
teaching styles tend to resemble those of male
students more often than female students (Fowl-
er, Armarego, & Allen, 2001). Although females
often enter engineering school with better aca-
demic credentials, had parents with technical
backgrounds who were better educated than
male student parents, and scored better on ad-
mission and standardize tests, they start with
greater anxiety and have less confidence about

The Clarence M. Mitchell School of En-
gineering at Morgan State University
(MSU) is one nine historically Black col-
leges and universities with undergradu-
ate engineering programs accredited by
the Accreditation Board for Engineering
and Technology (ABET). Since 2001, the
School of Engineering at MSU has been
a participant in a multi-school project
called Implementing the BESTTEAMS
(Building Engineering Student Team Ef-
fectiveness and Management System)
Model of Team Development Across the
Curriculum. The project’s primary pur-
pose is to introduce collaboration and
teamwork in engineering education to
improve the educational process and
prepare students to work in collaborative
environments after graduation. As a part
of the BESTTEAMS model, students in
the freshman course, Introduction to En-
gineering, are given the Kolb’s Learning
Style Inventory, a survey designed to
measure learning styles. This paper will

their abilities (Felder, Felder, Mauney, Hamrin, &
Dietz, 1995). In one study, females in chemical
engineering did not perform as well as males
after the first year and over a four-year period.
Females in good standing were more likely to
transfer out of engineering than males in good
standing (Felder, Felder, Mauney, Hamrin, &
Dietz, 1995). In another study of science, en-
gineering, and math (SEM) students, females
with higher entering credentials, academically
performed better than males after the first year,
but were only retained within the SEM fields at
the same rate males (Wheatland, 2002). Fe-
males had stronger predictors of success, but
did not perform better than males. A difference
in learning styles may help explain these re-
sults.

This paper attempts to explore the relation-
ship of learning styles on students’ GPA, by ma-
jor and gender, in the School of Engineering at
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examine the relationship between stu-
dents’ learning styles, major, gender and
academic performance in engineering at
MSU. The cumulative GPA at the end of

the first year for first-time freshmen that

completed Introduction to Engineering
was recorded and analyzed to determine

the relationship between learning style

preference and cumulative GPA by ma-

jor and gender. It is the long term intent

of this exploratory study to determine if
learning styles are a major consideration
in designing courses to improve aca-
demic performance and achievement in
engineering and if there is a significant
difference between the relationship of
learning styles and academic perfor-
mance when gender is considered.
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MSU. The results of the study can help instruc- Concrete
tors and advisors to understand their students E xperience
and design instruction that can be suited to (CE)

students with different learning styles. Knowing

their own learning styles is useful to students Accomodators Divergers
in becoming an effective team member and in Active R eflective
making their learning styles match the learning E Xpe[ Ange)ntat'on © b(ssrc‘)’ ‘;‘“0”
environment to obtain the largest outcomes.
Convergers A ssimilators
HOLB’S LEARNING STYLE
A major step towards increasing a student’s Abstract
learning power and learning experiences is Conceptualizati on
. ) (AC)
understanding learning style types — both the
strengths and weaknesses. In the Kolb’s learn- Figure 1: Kolb’s Experiential Learning Cycle and Basic Learning Styles (Kolb,
ing style model, the four basic learning modes 1984; Kolb, Boyatzis, Mainemelis, 2000). Reproduced with permission
are concrete experience (CE), abstract concep- from Alice Kolb, Experience Based Learning Systems, Inc.

tualization (AC), reflective observation (RO),
and active experience (AE) (Kolb, 1984). Be-
cause each individual’s learning style is a com-
bination of the four basic learning modes, Kolb’s
learning styles is further classified into the fol-
lowing four types: Accommodator, Diverger,
Converger, and Assimilator (Kolb, 1984). Figure
1 presents a graphical representation of Kolb’s
Experiential Learning Cycle and Basic Learning
Styles.

to create theoretical models. Excel in induc-
tive reasoning, in assimilating disparate
observations into an integrated explanation.
Less interested in people and use of theo-
ries. More important that theory be logically
sound and precise. More characteristic of
the basic sciences and mathematics than of
applied sciences. Learning style found most
often in the research and planning depart-
ments” (Kolb, 1984; Stice, 1987; Kolb, 1981).

® Accommodator: “Best at concrete experi-
ence and active experimentation. Greatest
strength lies in doing things, in carrying out
plans and experiments and becoming in-
volved in new experiences. Tend to be risk-
takers more than persons with other three
learning styles. Tend to excel in situations
that call for adaptation to specific immedi-
ate circumstances. Tend to solve problems
in an intuitive trial-and-error manner, rely-
ing heavily on other people for information
rather than their own analytical ability. Are

® Converger: “The dominant learning abili-
ties are abstract conceptualization and ac-
tive experimentation. Greatest strength lies
in practical application of ideas. Tend to do
best when there is a single correct answer
or solution to a question or problem. Rela-
tively unemotional, preferring to deal with
things rather than people. Tend to have nar-
row interests and often choose to specialize
in physical sciences. Many engineers have
this learning style” (Kolb, 1984; Stice, 1987;
Kolb, 1981).

* Diverger: “Best at concrete experience and
reflective observation. Greatest strength lies
in imaginative ability. Excel in ability to view
concrete situations from many perspectives
and to organize many relationships into a
meaningful “gestalt” Perform better in situ-
ations that call for generation of ideas such
as “brainstorming’”. Interested in people and
tend to be imaginative and emotional. Have
broad cultural interests and tend to special-
ize in the arts. Counselors, organization de-
velopment consultants, and personnel man-
agers often have this learning style” (Kolb,
1984; Stice, 1987; Kolb, 1981).

Assimilator: “The dominant learning abilities
are abstract conceptualization and reflective
observation. Greatest strength lies in ability

at ease with people but are sometimes seen
as impatient and “pushy”. Educational back-
grounds often in technical or practical fields
such as business. In organizations, people
with this learning style are often found in
“action-oriented” jobs, often in marketing or
sales” (Kolb, 1984; Stice, 1987; Kolb, 1981).

Kolb learning styles have been studied in
engineering courses. “Researchers have found
that the percentages of engineering students
categorized by learning style listed in rank order
from most to least are convergers and assimila-
tors (about equal percentages) first, accommo-
dators second, and divergers last” (Elkins, Raf-
ter, Eckart, Rutz, & Maltbie 2002; Harb, Durrant,
Terry, 1993; Sharp, 2006; Sharp, Harb, Terry,
1997; Stice, 1987).
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Students (n = 232) GPA
Mean Std. Deviation
Accommodator 33 14.22% 2.6735 0.9040
Assimilator 103 44 .40% 2.6384 0.8200
Converger 55 23.71% 2.7869 0.7904
Diverger 41 17.67% 2.4048 0.6815

Table 1: Kolb’s Learning Style Distributions and GPA in MSU’s School of Engineering

METHODOLOGY

From the Fall 2001 through the Fall 2003 se-
mesters, 232 students majoring in Civil, Electri-
cal, and Industrial Engineering at MSU in the
freshman class, Introduction to Engineering,
took the Kolb’s Learning Style Inventory survey.
The Kolb’s Learning Style Inventory was used
to capture learner preferences. The following
steps were used to complete scoring the Kolb
Learning Style Inventory.

1. Students answered 12 questions on a sur-
vey sheet.

2. Using a scoring guide, students calculated
totals for the RO (Reflective Observation),
AE (Active Experimentation), AC (Abstract
Conceptualization), and CE (Concrete Ex-
perience) modes of learning scales.

3. On a circle graph, students marked the AE
value on the Active Experimentation axis,
CE value on the Concrete Experience axis,
RO value on the Reflective Observation axis
and AC value on the Abstract Conceptual-
ization axis and connected the four points to
form a four-sided polygon (kite-shaped).

4. On a rectangular graph, students plotted
the (X, Y) coordinate pair where the X value
equals the AE score minus the RO score and
Y value equals the AC minus the CE score.
According to which of four quadrants the (X,
Y) coordinate pair falls, it identifies one of
the four Kolb learning styles (Converger, As-
similator, Diverger, and Accommodator).

In the School of Engineering at MSU, the
courses are taught using a mixture of lectures
and active learning experiences in class, com-
bined with a combination of individual and
team-based assignments. The mode of instruc-
tion and assignments expect to fully accommo-
date the different learning style preferences of
diverse learners. At the end of each semes-
ter that the 232 students took the introductory
freshman class, their first semester GPAs were
recorded.

After the scores were received, statistical
analysis was performed for the entire cohort as

well as for each individual major. The statisti-
cal analysis examined the Kolb’s learning style
preferences and GPA. It investigated similari-
ties and differences in the Kolb’s learning style
preferences of males and females. This study
also briefly compared the Kolb’s learning style
distribution of MSU’s engineering students to
other engineering students.

RESULTS

The study was comprised of 232 freshman
students who completed the Kolb’s Learning
Style Inventory during the first year of their col-
lege education. The students were 15.5% Civil
Engineering majors, 74.5% Electrical Engineer-
ing majors, and 9.5% Industrial Engineering
majors. Kolb learning style distributions of the
School of Engineering are shown in Table 1 and
Figure 2. There were 14.22% of the students of
Accommodator preference, 44.40% of Assimi-
lator preference, 23.71% of Converger prefer-
ence, and 17.67 % of Diverger preference.
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Figure 2: Kolb’s Learning Style Distributions in MSU’s School of Engineering,

N =232
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Students (n = 37) GPA
Mean Std. Deviation
Accommodator 9 24.32% 2.43 1.05
Assimilator 12 32.43% 2.51 0.67
Converger 10 27.03% 2.63 0.71
Diverger 6 16.22% 2.74 0.37

Table 2: Kolb’s Learning Style Distributions and GPA Data in Civil Engineering

Students (n = 173) GPA
Mean Std. Deviation
Accommodator 22 12.72% 2.71 0.85
Assimilator 79 45.67% 2.70 0.86
Converger 40 23.12% 2.80 0.83
Diverger 32 18.49% 2.36 0.69

Table 3: Kolb’s Learning Style Distributions and GPA Data in Electrical Engineering

Students (n = 22) GPA
Mean Std. Deviation
Accommodator 2 9.09% 3.45 0.75
Assimilator 12 54.55% 2.38 0.70
Converger 5 22.73% 2.38 0.75
Diverger 3 13.64% 2.18 1.03

Table 4: Kolb’s Learning Style Distributions and GPA Data in Industrial Engineering
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Figure 3: Kolb’s Learning Style Distributions in

MSU’s Department of Civil Engineering, N = 37
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Figure 4: Kolb’s Learning Style Distributions in MSU’s

Department of Electrical Engineering, N = 173

The Kolb’s learning

style distributions for

students majoring in Civil Engineering, Elec-

Corwerger

60.00%

Diveroar

50 00%

40.00%

30 00%

20.00%

10.00%

0.00%

Accomodator Assimilator

Converger

Diverger

Figure 5: Kolb’s Learning Style Distributions in MSU’s

Department of Industrial Engineering, N = 22

trical Engineering, and Industrial Engineering
are shown in Tables 2 - 4 and Figures 3 - 5.

Journal of STEM Education Uolume 9 @ Issue 3 & 4 July-December 2008 m




Figure 6 displays box plots of the GPAs of the
students in the School of Engineering accord-
ing to their different learning style preferences.

There were more students with an Assimi-
lator preference than any other learning style.
This was true within all majors, but was most
pronounced in Electrical and Industrial Engi-
neering. In Civil Engineering, learning style
preferences were more evenly distributed, but
Accommodators accounted for a higher per-
centage of students in this major than in the
other two majors.

Kolb’s Learning Style Inventory has been ad-
ministered to undergraduate engineering stu-
dents at other schools (Hunkeler & Sharp, 1997;
Harb, Terry, & Sharp, 1994). Table 5 displays
a comparison of Kolb’s learning style distribu-
tions in undergraduate engineering programs.
The other undergraduate engineering students
were from University of Texas, Oregon State
University, Brigham Young University, and Van-
derbilt University. Population | groups University
of Texas, Oregon State University, and Brigham
Young University together. Population Il is Van-
derbilt University. Population Il is Morgan State
University. Population | and Il reported As-
similator to be the most prevalent learning style
followed by Converger. Population II's learning
style distribution was the opposite. Converger is
slightly more prevalent than Assimilator. Popu-
lation | and Il reported Accommodator as the
third most prevalent learning style. Population
Il reported Diverger as its third. Population |
and Il report Diverger as its least prevalent

(44}

GPA,
(i

.
. r

103

Accomodator

Figure 6:

Assimilator

i aarninn Shiico
CEAMMING ohyiEs

Converger

u

Diverger

Box Plots of MSU’s School of Engineering Students’ GPA Versus

Students’ Kolb Learning Style Preference

learning style. Population Il reported Accom-
modator as the least prevalent. In Population Il
there is only a 2% difference between Assimi-
lator and Converger; whereas, in Population |,
the difference is 10%, and in Population IIl, the
difference is 20.69%. There are slight variations
in learning style distributions of Population | and
Il compared to the distributions noticed in the
Morgan State University students.

The GPA scores for the 232 Morgan State
University students in the study were analyzed.
Several significant differences in freshman year
academic performance were observed. Figure

Population I* Population IT** Population IIT***
Accommodator 20% 13% 14.22%
Assimilator 40% 38% 44.40%
Converger 30% 40% 23.71%
Diverger 10% 9% 17.67%

*  Population I consists of undergraduate engineering students from the University of Texas,
Oregon State University, and Brigham Young University.
*%  Population II consists of undergraduate engineering students from Vanderbilt University.

*%* Population III consists of undergraduate engineering students from Morgan State University.

Table 5: Comparison of Kolb’s Learning Style Distributions (Hunkeler & Sharp, 1997; Harb, Terry, & Sharp, 1994)

Source of Variation Sum of Squares/Degrees of Freedom Mean Square| F, | p-Value
Learning Styles 3.49 3 1.16 1.81/0.146116
Error 147.05 228 0.64

Total 150.54

Table 6: Analysis of Variance for the Students’ GPA Data
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6 presents box plot for GPA of different learn-
ing style preference of students in the School of
Engineering. The analysis of variance (ANOVA)
test was used to test the students’ GPA differ-
ences between learning styles. Due to the un-
balanced data, the analysis equation can be
expressed as follows:

&;ggﬁ—%- (1)

a 2 2

o Yie Ja
‘%‘s"’ catments T Tar 2
ireg A Z n ] ‘Nlr ( ]
SS:‘:’ = SST - SST;-eammn.rs (3)
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‘ MS, @)

where SS, is the total sum of squares; SS,
menss 1S the total sum of squares due to treat-
ments; SS, is called the sum of squares due
to error; Fis the ratio of mean square of treat-
ment MS,_.. ... and mean square of error MS;
a is the total number of treatments or levels; n,
is replicates of treatment i, y. represents the jth
observation taken under factor level or treat-
menti;y andy.. are expressed symbolically,

»=22m 5)

n=2n ©)

The results of variance analysis test are sum-
marized in Table 6.

The analysis by variance test shows that
with a level of significance of a. = 0.15, the GPA
of students with different learning style prefer-
ences is significantly different.

The analysis by variance test shows that
with a level of significance of a. = 0.15, the GPA
of students with different learning style prefer-
ence is significantly different. Further, the com-
parison among different learning style types
was analyzed through the two-sample t-test
based on the data in Table 1. The results are
summarized in Table 7. The asterisk indicates a
significant difference in GPA at the significance
level of o = 0.15.

For the overall freshman year GPA, students
with the Accommodator preference outper-
formed students with the Diverger preference
(2.6735 to 2.4048, p = 0.07); Assimilators out-
performed Divergers (2.6384 to 2.4048, p =

ACC. | ASS. CON. DIV. _—
(2.673) | (2.638) | (2.787) | (2.405) an

ACC. .

Q673 | ] ] 2
ASS.

(2.638) ﬂ i T-T* 3
CON. .

(2.787) ﬂ ﬁ i I
DIV. . .

(2.405) D’ ﬂ B 4

Table 7: Comparison of MSU’s School of Engineering Students’ GPAs with

Different Learning Styles

0.04); and Convergers outperformed Divergers
(2.7869 to 2.4048, p = 0.001). Convergers out-
performed Assimilators in overall GPA, but the
difference is not statistically significant (2.7869
to 2.6384, p = 0.18). Convergers outperformed
Accommodators and Accommodators outper-
formed Assimilators, but these differences are
not statistically significant.

The effect of learning styles of Civil Engi-
neering, Electrical Engineering, and Industrial
Engineering students on the student's GPA has
been analyzed. In Civil Engineering, Divergers
outperformed  Accommodators, Convergers,
and Assimilators but the difference is not sta-
tistically significant. In Electrical Engineering,
Convergers outperformed Divergers (2.80 to
2.36, p = 0.003), Accommodators outperformed
Divergers (2.71 to 2.36, p = 0.03). Assimila-
tors outperformed Divergers (2.70 to 2.36, p =
0.016). Convergers outperformed Accommoda-
tors and Assimilators, but the differences are
not statistically significant. In Industrial Engi-
neering, Accommodators outperformed Diverg-
ers (3.45t0 2.18, p = 0.22), but the difference is
not statistically significant. Accommodators out-
performed Assimilators (3.45 to 2.38, p = 0.03)
and Convergers (3.45 t0 2.38, p = 0.07), but the
difference is not statistically significant.

Similar techniques were used to analyze the
relationship between gender, GPA, and Kolb’s
learning style. Tables 8 and 9 summarize that
data.

The data shows that the distribution of learn-
ing styles between males and females in the
School of Engineering is very similar. The data
also shows that female students, with a GPA
of 2.7305, performed better academically than
male students, with a GPA of 2.5892. An
ANOVA test of female students indicated that
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Students (n = 79) GPA
Mean Std. Deviation
Accommodator 13 16.50% 2.7741 1.0201
Assimilator 34 43.00% 2.7724 0.7207
Converger 18 22.80% 2.7653 0.9316
Diverger 14 17.70% 2.5436 0.7381

Table 8: Female - Kolb’s Learning Style Distributions and GPA in MSU’s School of Engineering

Students (n = 153) GPA
Mean Std. Deviation
Accommodator 20 13.10% 2.6081 0.8412
Assimilator 69 45.10% 2.5724 0.8620
Converger 37 24.20% 2.7974 0.7258
Diverger 27 17.60% 2.3328 0.6530

Table 9: Male - Kolb’s Learning Styles Distributions and GPA in MSU’s School of Engineering

there were no significant differences between
female GPAs across learning styles. A com-
parison of female student GPAs with different
learning styles is summarized in Table 10. Fe-
male students with an Accommodator learning
style on average had the highest GPA, followed
by Assimilator, Converger, and Diverger, re-
spectively.

An ANOVA for male students in Table 11
indicated significant differences between male
GPAs across learning styles.

A comparison of male student GPAs with
different learning styles is summarized in Table
12.

Male students with a Converger learning
style on average had the highest GPA, followed
by Accommodator, Assimilator, and Diverger,
respectively. The difference in GPA between
male Convergers and Divergers was statisti-
cally significant. The comparisons between
GPAs for certain learning styles for males and
females were found to be different, as shown
by the shaded entries in Table 10 and Table 12.
For female students, the GPA for students with
Accommodator and Assimilator preferences
is higher than students with Converger prefer-
ences. Conversely, for male students, the GPA
for Accommodator and Assimilator preferences
is lower than students with Converger prefer-
ences.

Table 10: Comparison of Female Student GPAs with Different Learning Styles

ACC. ASS. CON. DIV. Rank
2.774) | (2.772) | (2.765) | (2.544) "
ACC.
@774y | ] I 1
ASS.
(2.772) B B ﬂ ﬂ 2
CON.
(2.765) ! J - i 3
DIV.
(2.544) J { J - 4
(*) Significantly different at a= 0.15 [ Different for males and females

Source of Variation
Learning Styles
Error

Total

Sum of Squares

3.409
94.026
97.431

Degrees of Freedom

3
149

Mean Square
1.135
.631

Fo
1.799

p-Value
150

Table 11: Analysis of Variance of GPA by Male Learning Styles
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concuusions

The distribution of Kolb’s learning styles in Mor-
gan State University’s School of Engineering
varied between students majoring in Civil, Elec-
trical and Industrial Engineering. In each of the
three majors, more students had the Assimila-
tor learning style than any other. This learning
style was held by nearly half of the Electrical
Engineering student and slightly more than half
of the students in Industrial Engineering. In Civ-
il Engineering, the number of students with the
Assimilator learning style was closely followed
by those with the Converger and Accommoda-
tor learning styles.

Overall, GPA varied with learning styles,
Convergers had the highest average GPA and
Divergers had the lowest. The average GPAs for
students in each major were close to the over-
all average GPA of 2.64 for all students. In Civil
Engineering, GPAs in each learning style were
consistently close to one another, but rising
slightly from Accommodator to Assimilator to
Converger to Diverger, respectively. In Electri-
cal Engineering, the average GPA across learn-
ing styles was consistent except for Divergers,
where it was considerably lower. In Industrial
Engineering, the average GPA across learning
styles was consistent except for Accommoda-
tors, where it was considerably higher by over
one letter grade.

When it came to gender, learning styles
were distributed very similarly between male
and female students. For female students, the
average GPA across learning styles was very
consistent except for Divergers, where it was
slightly lower. Among female students, those
with the Accommodator learning style had the
highest average GPA when compared to those
with other learning styles. For male students,
the average GPAs across learning styles exhib-
ited more variation when compared to those of
female students. Among male students, those
with the Converger learning style had the high-
est average GPA when compared to those with
other learning styles.

There are limitations to the study. The num-
bers are small when categorized by major and
gender. These limitations also provide oppor-
tunities to expand the data collection longitu-
dinally. Future research will be conducted to
determine the learning (teaching) styles of the
faculty in the School of Engineering and to com-
pare them to the learning styles of our students.
In addition, we will examine the relationships
between learning styles, student retention, and
graduation rates in Morgan State University’s
School of Engineering.

(;.E(%) (:? 5575:5) (g.?;.) (f? gﬁ) Rank
dan| - | 0T PO T o
=N IR
] ' 0 L
LAY I T T N A

Table 12: Comparison of Male Students GPAs with Different Learning Styles
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